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Abstract 
 
In this thesis we evaluate the efficacy of multiple instance learning (MIL) as a ‘pure’ machine 
learning approach for the diagnosis of breast cancer in magnetic resonance images (MRI). The 
traditional approach for the diagnosis of breast cancer is based on region-of-interest (ROI) based 
single instance learning (SIL). In the ROI-based SIL, the classification of benign and malignant 
lesions depends on the features, which are extracted from segmented ROIs. But, an accurate 
segmentation of a ROI is a challenging task due to poor signal-to-noise-ratio and faint edges due to 
partial volume effects. Therefore, variations in the segmentation of ROIs can affect the diagnostic 
outcome. MIL is a relatively new method in the supervised learning, where each sample is 
represented as a bag of instances. An image in the context of MIL can be considered as a bag of 
pixels, tiles, or ROIs, which correspond to instances. Here we apply tile-based MIL, where the 
diagnosis of breast cancer is based on tile-based features which do not require the segmentation of 
ROIs. Therefore, tile-based MIL has the potential to provide the classification of breast cancer 
without segmenting the ROIs. This is the motivation for the main objective of this thesis: to 
estimate the efficacy of tile-based MIL in the detection and the diagnosis of breast cancer MRI. 
We initially evaluate the potential of MIL for the detection and the diagnosis of breast 
cancer in anatomical T2-weighted MRI. In particular, we compare the performance of a MIL-based 
learner, i.e., citation-kNN (CkNN) against conventional kNN and a Random Forest classifier. We 
utilise both (generic) tile-based spatial features and (domain specific) ROI-based features. We 
perform experiments on two datasets consisting of 77 mass-like lesions and 129 both mass-like and 
non-mass-like lesions. The performance of CkNN as both a diagnostic and screening tool is 
evaluated using the area under the receiver operating characteristic curve (AUC), estimated over 10-
fold cross validation. Results demonstrate that the tile-based CkNN has equivalent performance to 
the ROI-based classification. However, tile-based MIL has an advantage that it does not require the 
domain specific ROI-based features typically used in breast MRI. This not only has the potential to 
make the tile-based classification robust to inaccuracies in the delineation of suspicious lesions, but 
also makes it suitable for the detection of suspicious lesions prior to segmentation. 
Next, we investigate the performance of CkNN for the diagnosis of breast cancer using 
dynamic MRI. Specifically we use generic tile-based spatio-temporal features derived from T2-
weighted MRI and T1-weighted dynamic contrast enhanced MRI. We utilise a discrete cosine 
transform and contrast enhancement models as feature extraction techniques. We compare the 
  
 
 III  
performance of CkNN and kNN against a traditional approach based on bespoke ROI-based 
features using the 77 mass-like lesions. Empirical results show the equivalent classification 
performance of both tile-based and ROI-based features. We also develop a MIL-based feature 
selection technique. We emphasise the importance of MIL-based feature selection criterion for 
MIL-based classification on an experimental basis. Further, we highlight that generic tile-based 
spatio-temporal features have improved potential to discriminate benign and malignant lesions as 
compared to tile-based spatial features. 
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Chapter 1 
Introduction 
1.1. Breast Cancer 
Breast cancer is the most frequently diagnosed cancer in Australian women, which accounts for 
15.5 percent of all cancer related deaths in women [1]. Advancements in breast cancer screening 
have resulted in increasing survival rate among the breast cancer patients [2]. X-ray mammography 
and ultrasound are commonly used screening methods for breast cancer. However, mammography 
has poor sensitivity to small cancers. Moreover, it is less effective particularly in dense or 
augmented breasts. Similarly, poor specificity, and the difficulty of imaging the whole breasts are 
major shortcomings of ultrasound. MRI has emerged as a promising adjunct imaging modality with 
the additional benefits of good soft tissue resolution, no ionizing radiation, and improved sensitivity 
[3]. Since MRI scans do not involve ionization radiation, the use of MRI is well suitable for patients 
with implants. The potential use of MRI is in the quantification of tumour volume, and multi-focal 
and multi-centric disease detection [4].  
1.2. Breast MRI 
Breast MRI scans typically involve the acquisition of anatomical T1-weighted (-w), T2-w MRI and 
dynamic contrast enhanced MRI (DCE-MRI). In T1-w MRI, fat is the most discernible feature 
which appears as a region of high image intensity while most of the other breast tissue types depict 
low to medium image intensity. Due to poor contrast, non-fatty breast tissues particularly 
carcinomas are indistinguishable from normal breast tissues. On the other hand, although T2-w 
MRI is more time consuming as compared to T1-w MRI, it provides improved contrast among non-
fatty breast tissue [5]. Therefore, the use of T2-w MRI is standard in the clinical interpretation of 
breast cancer MRI. However, the detection of malignant lesions solely based on spatial signal 
intensities in the non-contrast enhanced sequences (i.e., T1-w and T2-w MRI) is a challenging task 
[6,7]
.
 
The sensitivity of MRI has greatly been improved with DCE-MRI. In DCE-MRI, a 
gadolinium based contrast agent is injected into the blood stream which then accumulates in the 
tissues with high blood flow. Three dimensional T1-w images are obtained both before (pre-
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contrast) and at several time points after (post-contrast) the injection of the contrast agent. 
Subtraction images of pre- and post-contrast images are then examined to locate the suspicious 
(enhancing) regions in the image. These subtraction images particularly highlight the change in 
signal intensity caused by the uptake of contrast agent. Figure 1.1 shows the pre-, first post-contrast 
DCE-MRI, and subtraction image. We can clearly see the enhancing lesion in post-contrast image. 
 Concentration of contrast agent in the tissue depends on the vascularisation, permeability of 
vessels, and interstitial space of the tissue [8]. Malignant lesions have the ability to develop new 
blood vessels to get more blood which help them to grow. Increased vascularisation and 
permeability of malignant lesions make them well distinguishable from the normal tissues in post-
contrast images of DCE-MRI. However, some benign lesions also show enhancement in post 
contrast images [9]. Therefore, it is not a challenging task to detect malignant lesions in DCE-MRI, 
but to discriminate benign from malignant lesions (low specificity).  
One of the important ways to distinguish benign and malignant lesions is to evaluate spatial 
features along with temporal features (i.e., spatio-temporal) [9,10]. Moreover, there is evidence to 
prove that the specificity of breast MRI can be improved with the use of un-enhanced T2-w MRI 
and DCE-MRI [11]. 
 
 
 
Figure 1.1: DCE-MRI, (a) Pre-contrast image, (b) First post-contrast image, (c) Subtraction image of pre- 
and post-contrast. 
 
 
Both T1-w and T2-w images are acquired as three dimensional (3D) spatial data. DCE-MRI 
is acquired as four dimensional data, which comprise of high resolution stacks at several time 
points. Each stack typically contains more than a hundred 2D-slice images. Integrating and 
interpreting all the information from multi-temporal image sequence provided by a DCE-MRI scan 
is a time consuming, labour intensive and subjective task. Moreover, it is challenging for a human 
brain to identify subtle differences in the images during a repetitive task. This increases the chances 
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of human error. As a result, lesion detection, the selection of regions-of-interest (ROI), and 
qualitative assessment of lesion features and margins are subjected to inter-observer variations 
[12,13]. Further, there is no ‘global standard’ available for the acquisition and interpretation of 
breast MRI [8,14]. Thus it is difficult to make a definitive statement about the manual interpretation 
of breast cancer. 
1.3. Computer Aided Diagnosis Systems 
Lack of standardized interpretation guidelines and both time intensive and subjective interpretation 
methods limit the benefits of DCE-MRI in routine clinical practice. Therefore, computer-aided 
diagnosis (CAD) systems have been developed to assist radiologists by providing objective indices 
of malignancy [15]. CAD systems are software programs that provide various medical image 
analysis techniques to help radiologists in the efficient interpretation of medical image data. It is 
important to note that CAD systems provide automated analysis of medical images which is used as 
a second opinion by radiologists in making diagnostic decisions [16]. Please refer to [16] to find a 
review of the current status of breast image analysis methods for risk assessment, detection, 
diagnosis, and treatment of cancer.  
The most commonly used commercial breast CAD systems are CADstream (Merge 
Healthcare, Chicago, IL), DynaCAD (Invivo (Phillips), Gainsville, FL), Aegis Breast (Hologic, 
Bedford, MA). These software packages can compute time intensity curves, colour coded time 
intensity curve maps, maximum intensity projections, image subtraction, motion correction, 
interactive lesion segmentation etc. The comparison of CADstream and dynaCAD can be found in 
[17]. 
In the current CAD systems, discrimination between benign and malignant breast lesions is 
often done using ROI-based methods. Here, the dataset consists of bespoke (i.e., domain specific) 
features, extracted from each detected and then segmented lesion. In this way, each lesion becomes 
a labelled instance in the dataset. The feature vector extracted from each lesion is then individually 
labelled as either benign (negative) or malignant (positive). The features used in traditional single 
instance learning (SIL) approaches are based on the intensity, texture and morphology of the 
segmented lesion [11]. However, lesion margins and shape are strongly dependent on an accurate 
segmentation, which is a challenging task due to poor signal-to-noise-ratio and faint edges due to 
partial volume effects. Therefore, lesion delineation is affected by variation or uncertainties in the 
(semi)-automated lesion segmentation process. Clearly, these variations have the potential to lead to 
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variations in the diagnostic outcome. Figure 1.2 illustrates the steps involved in the conventional 
CAD systems.  
 
 
 
 
Figure 1.2: Conventional CAD system. 
 
 
Moreover, in the conventional ROI-based approach, we need prior knowledge about the 
usefulness of ROI-based features which possibly co-relates with the physiology of the lesion. The 
importance of ROI-based features may be dependent on the image quality of the image acquisition 
protocol [16]. We know that the standard protocols for breast MRI acquisition keep on changing 
over the time to incorporate the latest advances in the hardware and research or to meet the 
requirement of radiologists [16]. With every change of the protocol, the efficacy of ROI-based 
features with regard to their diagnostic potential is changed. Therefore, we need the expert’s 
knowledge to analyze the MRI for differentiating benign and malignant lesions. Then based on 
expert’s advice, CAD systems are adapted only for the specific useful (ROI-based) features for the 
latest acquisition protocol. Thus, there is always an expert in the loop to design the features for the 
conventional CAD systems.  
Multiple instance learning (MIL) [18] is a relatively new paradigm in supervised learning, 
which appears to be suitable for many CAD related problems, particularly when there is uncertainty 
regarding the class label given to individual instances. Multiple instance learning is a semi-
supervised approach where each labelled sample is represented as a set (or ‘bag’) of instances. The 
objective of MIL is then to classify the bag of instances rather than the individual instances. In the 
context of MIL in image analysis, a bag is a sub-image consisting of multiple instances, where those 
instances are either individual pixels, square tiles (tile-based MIL) or arbitrary regions of interest 
and Feature Selection 
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(ROI-based MIL) [19]. Figure 1.3 represents the concept of bag and instances in a tile-based MIL. 
In a tile-based approach, the features are generic in nature rather than specific to breast cancer. 
Since these features are extracted from small tiles, not segmented ROIs, classification performance 
is not affected by the accuracy of the segmented regions. This makes tile-based MIL suitable for 
both diagnostic applications, which classify already detected lesions, and screening applications, 
which initially detect suspicious lesions. On the other hand, ROI-based features cannot be used for 
screening because, segmentation of ROIs itself requires prior detection of lesions. These potential 
applications of tile-based MIL motivate us to focus our research on the evaluation of efficacy of 
tile-based multiple instance learning in the classification of breast cancer MRI. 
Another advantage of using tile-based MIL is that we do not need prior knowledge in the 
specific domain for the classification of medical imaging. The reason is that, tile-based MIL is 
based on generic features which are selected on the basis of their discrimination, rather than prior 
knowledge. Therefore, the methodology and features remain the same even if MRI acquisition 
protocol changes. 
 
 
 
Figure 1.3: Tile-based multiple instance learning. 
 
 
1.4. Aims and Objectives 
The main focus of this research is to investigate the performance of multiple instance learning as a 
‘pure’ machine learning method for the classification of breast MRI. In the tile-based MIL, we skip 
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the segmentation step in the CAD and consider a sub-image containing the detected lesion as a bag. 
Classification of the bag (sub-image containing a detected lesion) is based on tile-based generic 
features rather than ROI-based domain specific features. This implies that classification of breast 
cancer MRI based on generic tile-based features would not be affected by inter-observer/ auto-
segmentation variations in the lesion segmentation. Moreover, with any change of MRI acquisition 
protocol, the MIL-based CAD remains un-changed. Based on the potential applications of generic 
tile-based MIL in CAD, the following are the objectives of this research. 
 
1. To study the performance of multiple instance learning using synthetic datasets. 
2. To investigate the performance of multiple instance learning in the identification and 
classification of breast MRI using generic spatial features from T2-w MRI and to compare the 
classification performance with the conventional approach (ROI-based single instance learning). 
3. To evaluate the efficacy of multiple instance learning for the classification of breast MRI using 
generic spatio-temporal features (from DCE-MRI and T2-w MRI) and to develop multiple 
instance learning-based feature selection algorithm. 
1.5. Scope 
The purpose of this thesis is not to solve breast cancer MRI classification problem, but to evaluate 
the efficacy of MIL as a ‘pure’ machine learning approach for the diagnosis of breast cancer. When 
we say ‘pure’ we mean that we use MIL as a generic approach without knowing much about the 
physiology and domain specific features typically used in the breast cancer MRI. Rather, we use 
MIL for classification of breast MRI in the same way as it is applied to solve an arbitrary image 
classification problem. In other words, we utilize generic features based on their level of 
discrimination as opposed to (bespoke) application specific features selected on the basis of prior 
knowledge. 
Further to this, segmentation of lungs, heart, or breast boundary is not part of this research. 
We use sub-images that contain manually segmented ROIs. Additionally, we use already registered 
and bias field corrected images. Moreover, this research is not focussed to develop a new algorithm 
in the MIL domain. We use either existing tools or modify them to suit our requirement. Further, we 
estimate the MIL performance for the classification of only breast MRI data. Investigating the MIL 
for other medical imaging datasets is not part of this work. 
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1.6. Overview of Thesis 
In this chapter, we have introduced the problems associated with the conventional breast MRI CAD 
systems. Also, we have talked about how multiple instance learning addresses these problems. This 
thesis begins with the understanding of concepts related to multiple instance learning on an 
experimental basis (section 3.2). This section provides necessary foundation to use MIL as a 
classification tool in the later work. In particular, we address our first aim of the research in the 
beginning of Chapter 3. In the rest of the Chapter 3 and Chapter 4, we address the main aim of the 
thesis, “to evaluate the efficacy of MIL in the diagnosis of breast cancer MRI”. 
In Chapter 2, we introduce the necessary concepts in machine learning which we utilise in 
the experiments in the subsequent chapters. We begin this chapter with the introduction of MIL-
based pattern recognition, followed by the review of MIL and SIL-based learners. Next, we provide 
reasoning for the experimental methodology which we use to address the aims of this research. 
Finally, we present the breast MRI data which we utilise in the experiments in the third and fourth 
chapters.  
In Chapter 3, we evaluate the suitability of MIL for both the screening and diagnosis of 
breast cancer in T2-w MRI. We compare the performance of a MIL-based learner against SIL-based 
learners. We utilise both (generic) tile-based features and (domain specific) ROI-based features. We 
perform experiments on two datasets consisting of 77 mass-like lesions and 129 both mass-like and 
non-mass-like lesions.  
In Chapter 4, we investigate MIL using generic tile-based spatio-temporal features for the 
classification of benign and malignant lesions. Specifically, we use T2-weighted MRI and T1-w 
DCE-MRI. We utilize parametric models and a discrete cosine transform as feature extraction 
techniques. In particular, we compare the performance of MIL against a traditional approach based 
on bespoke features extracted from a segmented ROI. We also develop a MIL-based feature 
selection technique and present the performance of learners with MIL-based feature selection in 
comparison to SIL-based feature selection. 
 
 
   
 
Chapter 2 
Background 
 
In Chapter 1, we have presented the motivation and aims of this research. In this chapter, we 
provide the necessary concepts in MIL-based pattern recognition which are utilised in the later 
chapters. In section 2.1, we describe multiple instance learning particularly in the context of image 
analysis. Next in sections 2.2 to 2.4, we present the reasoning for the selected learners, feature 
selection, and the choice of performance measure respectively. In section 2.2, we also provide 
motivation for our first aim of the research. We present the breast MRI data in section 2.5 which we 
use in Chapters 3 and 4. In this section, we specifically present the imaging protocols of breast MRI 
data and provide motivation for our second and third aims of the research. Finally in section 2.6, we 
provide summary of the chapter. 
2.1. Multiple Instance Learning 
Multiple instance learning (MIL) [18] is a variant of traditional supervised machine learning. MIL 
differs from supervised learning (i.e., single instance learning) in the nature of learning examples. In 
single instance learning (SIL), each learning example is represented as an instance of fixed length 
feature vector. Each instance in supervised learning is associated with a class label. The task of SIL 
is to learn the model which predicts the class label of unknown instances. In multiple instance 
learning, a learning example is represented as a set (or ‘bag’) of instances. In other words, a MIL-
based learning example comprises of a set of feature vectors. In MIL, each bag is associated with a 
class label while the instances themselves are not explicitly labelled. In contrast to SIL, MIL aims to 
find the class label of entire ‘bag’ of instances rather than labelling the individual instances. 
Therefore, MIL is a type of semi-supervised technique where we know the class label of a set of 
instances but individual label of each instance is unknown. This makes MIL suitable for semi-
labelled (imaging) data, where the class labels of whole images are known but individual labels of 
instances (i.e., segments of an image) are unknown. According to the standard (asymmetric) MIL 
assumption, a bag is labelled positive if at least one instance in the bag is positive, otherwise the bag 
is negative [18]. The definition of a positive bag in MIL is equivalent to the abnormal breast, which 
may contain both normal and malignant lesions. Typical applications of MIL include natural scene 
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image classification, web index page recommendation [20], text categorisation [21,22], and stock 
market prediction [19,23].  
To illuminate the concept of multiple instance learning, we present an example of simple 
jailer problem [24]. Suppose there is a locked door. To open this door, we have  bunches (bags) 
of keys (instances). Unlike conventional single instance learning, MIL considers a bunch of keys 
‘positive’ if it contains at least one key that can unlock the door. Here learning problem is to build a 
classifier which can find a ‘positive’ bunch of keys (bag). If we know that a bunch of keys is 
positive, then we can deduce that there must be at least single key in that bunch which is positive. 
However, we do not have complete information about which key is positive or how many keys are 
positive in a positive bunch. The unavailability of labels of individual keys (instances) in a bunch 
(bag) makes MIL a semi-supervised technique. On the other hand, in conventional SIL, learning 
aim is to find ‘positive’ keys rather than bunch of keys. Using simple jailer problem, we 
demonstrate the difference between SIL and MIL-based classification in Figure 2.1. 
 
 
 
Figure 2.1: Difference between MIL and SIL-based classification. 
 
 
There are various problems in pattern recognition which are difficult to solve by traditional 
supervised learning. Consider the example of drug activity prediction problem. In the drug activity 
problem, different conformations (structural variations) of the same molecule exist in nature. There 
is only one conformation which binds to the target receptor, making it ‘musk’ type [18]. However, 
for existing molecules, it remains unknown that which specific conformation of a molecule binds to 
the receptor. Therefore, in learning phase we only know the label of a molecule, while the labels of 
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different conformations of molecule are unknown. In this case, single feature vector may not be 
sufficient to describe the problem [25]. In other words, traditional supervised methods may not be 
suitable to solve this problem. This problem can be solved using multiple instance learning, where 
different conformations of a molecule are considered as a bag and different conformations 
correspond to instances. According to the standard MIL assumption, a test molecule (bag) is 
classified as positive if any of its conformations emits musky smell, otherwise it is labelled negative 
[18,26].  
Although, the standard MIL assumption works successfully for the drug activity prediction 
problem, there are several computer vision tasks including object recognition [21,27], image 
categorization and content-based image retrieval, which cannot adopt MIL under standard MIL 
assumption [19]. These tasks learn visual based concepts from labelled image databases, where few 
parts of the image (i.e., parts containing target object) are required to derive the label of an image. 
Since, the visual concept (target object) only occupies the small part of the image space, it is 
reasonable to decompose the image into smaller fragments [28]. Feature vectors from these 
fragments then become the instances in the bag. These fragments can be pixels, square tiles (tile-
based MIL) or arbitrary regions of interest (ROI-based MIL). Since an image is considered as a bag 
and its segments are considered as instances, the problem of classifying image on the basis of 
presence of the target concept is a multiple instance learning problem. Thus MIL has vast 
applications in the problems based on image analysis. 
The standard MIL assumption may be applied to the visual concept learning tasks with some 
success [19]. For example, in the classification of natural scenes of waterfalls [29], a natural 
waterfall image is classified as ‘positive’ if it contains at least one segment in the image that 
contains waterfall, otherwise it is negative. However, there are many tasks where standard MIL 
assumption is not an appropriate choice. Therefore, more general formulations of standard MIL 
assumption have been proposed for solving those MIL problems which don’t obey strict MIL 
assumption. For instance, consider a classification problem of natural scene images into beaches, 
oceans and deserts [19]. A beach image contains regions of both sand and water. Therefore, an 
image is classified as a beach image if and only if it contains segments of both sand and water. On 
the other hand, if it contains segments of sand or water only, it may be classified as a desert image 
or an ocean image respectively. This is a type of image classification task where MIL labels the bag 
on the basis of presence of co-occurrence of certain visual concepts. This alternative MIL 
assumption is called presence based MIL assumption [30].  
Another MIL assumption is that a bag is composed of homogeneous group of instances 
[31,32]. This implies that all instances in a bag belong to the same class. This assumption is utilised 
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in the classification of group of cells in pathology slides where a bag (group) label shows healthy or 
abnormal slide [32]. In cytological and histological analysis, the specimen (slide) contains a large 
number of microscopic cells. In the context of traditional supervised learning, each cell is 
considered as an instance. Since, it is usual practice to label the individual cells manually in the 
training phase, labelling the individual cells is not only time consuming but also difficult and costly. 
Therefore, it is reasonable to consider the slide as a homogeneous group of instances. In this case, 
we need a single label for whole group of cells instead of individual cells. For other generalised 
MIL assumptions, please refer to [19].  
Although MIL has many applications in computer vision problems, and recently in medical 
imaging [33,34,35], it has not been used for differentiation of benign and malignant lesions in breast 
cancer MRI. Jianrui Ding, et al., [36] used MIL for the classification of breast ultrasound images. 
However, their proposed methodology is based on a rough segmentation of ROIs. We have 
mentioned in section 1.3, and section 1.4 that the motivation for investigating the performance of 
MIL as a CAD tool is to do screening and diagnosis of breast cancer without segmenting the ROIs. 
There are number of ways to do this task. In the supervised learning, one way is to extract features 
from individual pixels and classify each pixel independently as benign or malignant pixel. 
However, it is both expensive and time consuming for a radiologist to label individual pixels. MIL 
can solve this issue by providing the label of an image on a coarser level, i.e., a single label for 
whole screened suspicious region or whole scan.  
Another problem with the pixel-wise classification is that we get only first-order intensity 
information from individual pixels. We do not get any textural information. In order to extract 
higher-order spatial information from the image, the simplest way is to decompose the image into 
number of tiles and extract features from each tile. If these tiles (instances) are classified 
individually, this is called (tile-based) single instance learning. On the other hand, if we classify a 
set of these instances together, this is called (tile-based) multiple instance learning. Figure 2.2 
illustrates the difference between the tile-based SIL and the tile-based MIL for the classification of 
breast cancer.  
In this thesis we evaluate the suitability of tile-based MIL as a CAD tool for the 
classification of breast cancer MRI. Specifically, we compare the tile-based MIL performance with 
both conventional (ROI-based) and tile-based SIL. In the context of tile-based MIL, an MRI is a 
bag composed of square tiles, which correspond to instances. Tile-based features have several 
advantages over ROI-based features. We discuss them in Chapter 3. To our knowledge this is the 
first time that a MIL-based CAD (which does not require segmentation of ROIs for feature 
extraction) has been proposed for the detection and diagnosis of cancers in breast MRI. 
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2.2. Algorithms 
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points rather than individual points. The effectiveness of distance function depends on the nature of 
dataset. Given the two bags (set of instances):   1, 2, … , 
, and 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, above 
distance functions can respectively be defined as: 
 
Min, =min∈ min∈,  
D
 Max,   max∈max∈,  
H,   max, , ,  ,  !  
,   max∈ min∈ ,  
Dcen,    "#$ ∑ &,
#
'
$()# ∑ *'+)# , 
 
Graphical illustration of Hausdorff distance and minimum Euclidean distance is given in 
Figure 2.3. In Figure 2.3, we have two bags X and Y, each containing multiple instances. h(X,Y) 
represents the distance from the maximum of the bag X (the farthest instance in the bag X relative 
to the bag Y) to the minimum of the bag Y (the closest instance in the bag Y relative to the bag X). 
Similarly, h(Y,X) represents the distance between the maximum of bag Y and the minimum of bag 
X. Hausdorff distance between these two bags is h(Y,X), which is the maximum of h(X,Y) and 
h(Y,X). Minimum Euclidean distance is represented by Emin, which is the distance between the 
minimum of bag X and the minimum of bag Y. We can see that in each bag we have multiple 
instances, and thus we cannot use Euclidean distance to find the distance between two bags. The 
reason is that Euclidean distance can only measure the distance between two points, but cannot be 
used to calculate the distance between two bags (sets of points). 
 
 
Figure 2.3: Graphical illustration of MIL-based distance functions. 
h(X,Y) 
h(Y,X) 
Emin 
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The second difference between the conventional kNN and CkNN is of classification 
approach. In conventional kNN, the label of a test example is determined by the majority vote of k-
reference neighbours. However, this is not sufficient criterion for the classification of bags in a MIL 
dataset. The assumption is that a positive bag in the feature space may contain large number of 
negative instances. In such a case, it is likely that a negative test bag considers positive training 
bags as its neighbours. This scenario may result in false positive outcome [39]. Therefore, to obtain 
an optimal performance (which is robust to the noise), Wang and Zuker [39] devised another 
method to combine the nearest bags for predicting an unseen bag, called citation-kNN. In CkNN 
citers (‘c’) in addition to the bag’s reference neighbours (‘k’) are sought to predict the label of an 
unseen bag. k-reference neighbours are the nearest bags to the test bag and the term citers refer to 
those bags which consider the test bag as their neighbour. 
Please note that, both CkNN and conventional kNN can be utilised to do classification in 
both MIL and SIL paradigms. For example, we can use citation-kNN for single instance learning if 
it is utilised with Euclidean distance. Similarly, conventional kNN can perform MIL-based 
classification if we use Hausdorff distance or any other MIL-based distance function. In other 
words, distance function is the main difference between conventional kNN and MIL-based kNN. 
The notion of citation in CkNN is only used to get an optimal classification of MIL datasets. 
k-nearest reference neighbours for a particular bag are defined by a MIL-based distance 
function (i.e., maximum Hausdorff distance) and c-citers are ranked according to the similarity with 
the test bag. In CkNN, both reference’s labels and citer’s labels contribute equally towards the 
classification of an unknown bag. Suppose there are -. and -
 positive and negative bags in k-
nearest reference neighbours and /. and /
, respectively denote the number of positive and 
negative bags in c-nearest citers. Then, a test bag is labelled positive if the number of the positive 
bags in the mutual reference and citer decision is greater than the negative bags, i.e., -. + /. >
 -
 + /
, otherwise, the bag is negative. 
To compare the performance of CkNN in a SIL paradigm we also select kNN [42]. kNN is a 
simple, effective and non-parametric supervised technique which has been used extensively [43]. In 
kNN, most common class of k-nearest (reference) neighbours of a test example determines its class 
label. Choice of k is not straightforward. A small value of k is vulnerable to the noise, while a large 
value of k increases the computational complexity of the algorithm. For a two-class classification 
problem, the value of k is usually a small odd integer to avoid the tie [44]. For a fixed length feature 
vector, the reference neighbours are usually decided according to Euclidean distance. 
Both kNN and CkNN are lazy learners which store all the training examples until testing. 
They do not construct an explicit description of the target function by generalising the training data. 
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In order to predict the class of a new (test) example, these learners first calculate the distance of a 
test example with every sample in the training set. Then, the class of a test example is decided 
according to the majority among the k-nearest neighbours (and c-citers in case of CkNN). As a 
member of lazy learning family, they have a disadvantage of time complexity in making 
predictions. For example, kNN requires 3() time to predict the class of a test example, where N 
is the number of training examples in d dimensions [44]. Similarly, the computational complexity 
of CkNN is 3(
4), where n is average number of instances in a bag, and 3(
4) presents the 
time complexity for pair-wise distance measurement between instances across the bags [45]. In 
addition, for a fixed length feature vector (d), CkNN computes c-citers by performing a sort 
operation 3(567) for every training example [46]. 
Before investigating the efficacy of CkNN using breast MRI dataset, it is important to study 
how CkNN works with different distance functions, and how different parameter values (k, and c) 
affect the classification performance of CkNN. In particular, we want to study the performance of 
CkNN with the two most extensively used distance functions, i.e., minimum Euclidean distance and 
maximum Hausdorff distance. This is the motivation for our first aim of the research (section 1.4). 
We address this aim in the beginning of Chapter 3 by performing an experiment using synthetic 
datasets. 
Many MIL algorithms follow the standard MIL assumption, for example, multi instance 
support vector machine (MI-SVM), expectation maximization diverse density (EM-DD), axis 
parallel rectangle (APR) etc. Please refer to [48] to find the survey of these MIL learners. These are 
purpose-built MIL learners which were developed specifically to solve the MIL problems. On the 
other hand, there are several other MIL algorithms which don’t obey strict the MIL assumption 
[47]. These learners are based on generalised MIL assumptions, where the bag label is decided by 
considering most or all instances in a bag [47,48]. MIL learners where the bag level label is derived 
from instance labels are categorised as instance based approaches [46]. Instance based approaches 
assume that instances have hidden class labels. These approaches first estimate the function to 
determine the class labels at instance level. Then, they use that function to predict the class at bag 
level. 
Another category of MIL learners is metadata-based approaches [46]. These learners assume 
that some meta-level information determines the class of a bag. In metadata-based approaches, a 
sample (bag) is embedded into a single instance vector space. In this way, they allow the supervised 
learners to make prediction in the MIL domain while dealing with the set (bag) of instances as a 
single unit [46]. In other words, these approaches determine the label of a bag without considering 
the labels at instance level [25]. CkNN belongs to this category of MIL learners. In Chapter 3, we 
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compare the performance of CkNN, where metadata information is used to predict the class of a 
bag, to other instance based MIL learners, for example, MI-SVM, APR, and EMDD, which follow 
the standard MIL assumption.  
2.3. Feature Selection 
Classification performance of a learner depends upon the size of training data, number of features 
and the learner’s complexity. For a given size of training data, if the number of features is 
increased, the performance of classifier is improved. But this does not imply that, for accurate 
classification we can add as many features as possible. Because, classification performance is 
increased with increasing dimensionality up to certain point, after which it begins to degrade. This 
process is called curse of dimensionality or peaking phenomenon [49]. The reason for peaking 
phenomenon is that if we keep on adding features to get accurate classification, at certain point the 
classifier over-fits the given data at the cost of poor generalisation. This means that, although it 
gives accurate performance on the given (seen) data but due to poor generalisation it will not give 
good performance on an un-seen datum. Also, the feature space becomes sparser as the 
dimensionality of feature space grows and given samples become less representative of their class. 
Jain A. & Duin, P. [49] provide a rule of thumb about the optimal number of features, which states 
that, “at least ten times as many training samples per class as the number of features is a good 
practice”. To avoid the curse of dimensionality, we utilise a feature selection technique to get the 
required number of features. Feature selection is not only important to improve the generalisation 
accuracy, but also to learn a more compact representation of a pattern [50]. Moreover, feature 
selection helps us to eliminate the non-useful features and reduces the dimensions of feature space 
[16]. 
There are several feature selection techniques available for traditional supervised learning, 
where each instance is associated with a class label. As mentioned in section 2.1, MIL differs from 
the conventional SIL in the nature of learning examples. In MIL, a set of multiple instances 
constitute a learning example, where we know the class label of each set of instances, but not for the 
individual instances. Since, feature selection algorithms used in the supervised learning have been 
developed to address the learning tasks where the label of each instance is known; these algorithms 
are not directly applicable for MIL applications [50]. Due to the difference of classification 
approach of both MIL and SIL methods, we believe that MIL-based feature selection criterion is 
important to reduce the dimensionality of a MIL dataset. Since in MIL, not much work has been 
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done on the development of feature selection techniques; we develop a MIL-based feature selection 
algorithm (as part of our third aim) in Chapter 4. 
2.4. Performance Estimation 
A. True and apparent performance 
True performance of a classifier is based on evaluation of the classifier on the ‘true’ distribution of 
samples. Here ‘true’ refers to the unseen samples which have not been used to design the model. If 
a classifier is designed and evaluated on the same dataset, the estimated performance is called 
apparent performance. In general, the apparent performance of a classifier is optimistically biased 
and tends to have high variance. Bias is a measure of how much the expected prediction of a 
classifier varies from the correct value. “Variance measures how much, on average, model 
prediction vary around the expected value (going from one subset to another)” [51]. If the bias is 
kept low, the learning model is subjected to the risk of having high variance. Similarly, if the 
variance is kept low, the model does not learn the particular characteristics of the data and may have 
high bias. Finding an optimal model is to get the best trade-off between the bias and the variance. 
Graphical representation of bias and variance is given in Figure 2.4. In this figure, the 
central Red cross represents the value to be estimated (correct value). Green circles represent 
several estimates over different samples. If a classifier gives all predictions close to each other and 
to the correct value, it has low bias and low variance. On the other hand, if there is a scatter among 
the predicted values and all are away from the correct value, the model has high bias and high 
variance as illustrated in Figure 2.4.  
The presence of bias indicates that the given model does not contain the solution. This is 
called under-fitting. If there is variance, it indicates that the model has learnt the particular 
characteristics of the given data. This is called over-fitting. This means that, the model gives good 
classification performance only on the samples that were used to design it. In case of a new sample, 
such classifier tends to fail to predict the class. In other words, the classifier has been designed or 
modeled only to classify a particular dataset. The true performance is almost invariably lower than 
the apparent performance. The reason of relatively better apparent performance is the over-fitting of 
the classifier to the particular characteristics of the sample data [52]. Designing and evaluating a 
classifier on the same dataset is useless because it tends to give the poor performance on new 
samples. Since the focus of machine learning is rarely to replicate the training data but the 
prediction for new cases [51], to design a model which possibly gives the correct prediction for new 
cases, we split the data into independent training and test sets. 
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Figure 2.4: Graphical illustration of bias and variance. 
 
 
B. Stratified 10-fold cross validation 
To split the data into training and test sets, we utilise stratified 10-fold cross validation (CV) [51]. 
In stratified CV, we split the data into training and test sets by roughly preserving the class 
proportions in each fold. We use bag level CV for MIL datasets to maintain the bag structure 
consisting of multiple instances. In each fold of 10-CV, dataset are partitioned into an independent 
90% training data and 10% test data. We have chosen 10-CV because; it gives an estimate which 
has low variance as compared to single hold-out estimation. For example, if data are split into 90% 
training set and 10% test set in a single hold-out estimator, it is likely that there is a lot of variation 
in estimated performance obtained with different partitions of data for the training and test sets. 
However, 10-fold CV reduces this variation by averaging over 10 different partitions of data which 
makes the performance estimate less sensitive to the partitioning of the data. 
 
C. Performance measure 
The most commonly used measure of the performance of a classifier is error rate [53]. Error rate is 
a measure of misclassification rate of a classifier, calculated as follows, 
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However, error rate summarises the overall performance of a classifier by assuming equal 
misclassification cost for both false positive and false negative. In many applications, we need to 
distinguish different type of errors. But, we do not have enough information to associate different 
costs functions for different types of errors. In this thesis, we summarise the performance of a 
classifier using a receiver operating characteristics curve (ROC), i.e., area under ROC curve (AUC) 
[54]. Unlike error rate, the measurement of AUC is not based on equal misclassification cost 
assumption. Classification accuracy (1 –   !!6!) is another commonly used performance measure. 
But, the estimate of accuracy depends on the prior distribution of samples. Suppose a dataset 
contains high proportion of samples in positive class as compared to negative class. In this case, 
even if classifier totally fails to distinguish negative samples from positive samples, the estimated 
accuracy can still be very high because of high proportion of positive samples in the dataset. Unlike 
accuracy, the AUC gives an estimate of a classifier’s performance which is independent of the prior 
distribution of samples in the dataset.  
We have chosen AUC as a performance measure because it is independent of the prior class 
density distribution and misclassification costs. Moreover, AUC is more discriminative between 
classifiers [55], and more suitable for MIL problems [56]. ROC curve is a plot of true positive rate 
(sensitivity) against false positive rate (1- specificity) across varying cut-offs. The equations for 
sensitivity and specificity are given below. 
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where 
True Positive are positive samples which are correctly classified as positive, 
True Negative are negative samples which are correctly classified as negative, 
False Positive are negative samples which are incorrectly classified as positive, and 
False Negative are positive samples which are incorrectly classified as negative. 
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ROC curve presents the performance of a two class classifier over a range of discrimination 
threshold. Using ROC curve analysis, we can select an optimal threshold value for clinical use [57]. 
The AUC sums up the whole ROC curve irrespective of the threshold value [58,59]. Thus AUC is 
an effective measure of performance which is not affected by the decision criterion. An AUC of 1 
corresponds to the perfect discrimination between two classes given the correct threshold, while an 
AUC of 0.5 indicates that for any threshold value, classifier discriminates between two classes at 
random.  
2.5. Breast MRI Database 
MRI data used in the experiments presented in Chapters 3 and 4 are derived from breast MRI 
database, which consists of 165 clinical bilateral breast MRI investigations of 150 subjects. MRI 
investigations were performed by Queensland X-ray using an 8-channel breast coil on 1.5 T GE 
Signa HDxt scanner with the patient lying in prone position. The examinations included screening 
cases (high risk category), problem-solving cases, and cases that had previous surgery. In each case 
at least one suspiciously enhancing lesion was identified by the reporting radiologist. All lesion 
findings were subsequently verified by cyto- or histopathology. Each lesion was individually 
biopsied under either MRI or ultrasound guidance. The detail of lesion pathology can be found in 
[92,111]. We use the T1-w anatomical, T2-w anatomical and the DCE-MRI data in the experiments. 
Registered non-fat suppressed (using 2D tailored radio frequency sequence) T1-w 
anatomical MRI and registered fat suppressed (using 2D short time inversion recovery sequence) 
T2-weighted anatomical MRI are used. Both T1-w and T2-w MR images were acquired axially 
with pixel spacing of 0.5859 mm to 0.6250 mm. The acquisition matrix for non-registered T1-w 
and T2-w MRI is 512×512 and 320×224 respectively. In both cases the field of view and slice 
thickness is 32cm and 4mm respectively. Example images of T1-w and T2-w MRI are shown in 
Figure 2.5. We can see the dominance of fat in non-fat suppressed T1-w MRI. 
We use non-contrast enhanced (T1-w and T2-w) MRI in Chapter 3. The use of T2-w MRI in 
the conventional CAD is evident from the literature. Various studies suggest that high signal 
intensities in lesions on T2-w MRI cannot differentiate benign and malignant lesions 
[6,60,61,62,63,64,65,66]. However, numerous other studies indicate that the high signal intensity in 
lesions on T2-w MRI is distinctive in the discrimination between benign and malignant lesions 
[67,68,69,70,71,72]. Few other studies conclude that T2-w features are promising diagnostic 
features for the classification of benign and malignant lesions [73,74,75]. Above all, it is standard 
clinical practice to use T2-w MRI for the diagnosis of cancer in breast MRI. This is the motivation 
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for the second aim of our research: to evaluate the generic tile-based spatial features from T2-w 
MRI for the discrimination of benign and malignant lesions. 
 
 
 
Figure 2.5: Example images of non-contrast enhanced MRI. (a) Non-fat suppressed T1-w MRI, (b) Fat 
suppressed T2-w MRI. 
 
 
In DCE-MRI, the fat suppressed T1-weighted images were acquired as either four or five 
stacks using a 3-dimensional (3D) fast spoiled gradient-echo (FSPGR) sequence (Echo time = 
3.4ms, Repetition time = 6.5ms and flip angle of 10°). The first stack corresponds to baseline pre-
contrast images and the remaining stacks comprise of post-contrast images. Acquisition time of 
each stack was around 90 seconds with a 45 second delay between the pre-contrast and the first 
post-contrast stack. The second last stack was acquired in a sagittal orientation. All of the remaining 
stacks were acquired axially with a field of view of 32cm, a 360×360 acquisition matrix, and slice 
thickness of 1mm. Each stack contained more than hundred two dimensional slice images ranged 
from 116 to 182 with a median of 150. We use only four stacks which were acquired axially. The 
example images of DCE-MRI are shown in Figure 2.6.  
Several studies favour the combined use of DCE-MRI and T2-w MRI in conventional CAD 
for improved discrimination of benign and malignant lesions [11,76,77,78]. Moreover, there is 
considerable evidence to support the use of both spatial and temporal (i.e., spatio-temporal) features 
for the diagnosis of breast cancer [10,15,79]. Therefore, to address the third aim of this research, we 
use both DCE-MRI and T2-w MRI in Chapter 4. In particular, we investigate the importance of tile-
based spatio-temporal features for the discrimination of benign and malignant lesions. 
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Figure 2.6: Example images of DCE-MRI. (a) Pre-contrast, (b) First post-contrast, (c) Second post-contrast, 
(d) Third post-contrast DCE-MRI. 
 
 
We use manually segmented ROIs to ground truth the tiles in MIL dataset. Manual 
segmentation of each lesion was performed in 3D by a radiologist with more than 12 years 
experience in breast MRI. Each lesion in the subtraction volume (first post-contrast stack minus the 
pre-contrast stack) from the DCE-MRI stack was manually delineated using CAD tools such as 
region-growing tool in OsiriX. In case of over-segmentation (due to inclusion of surrounding 
enhancing tissue or blood vessels), a 3D maximum intensity projection was used to view the lesion 
and the 3D region-growing mask was cropped using the freehand scissor tool. Small holes were 
filled using a morphological closing operation by a 3×3×3 cube on each 3D connected component. 
Conclusion  23 
 
 
 
 
The resulting 3D volumes-of-interests (VOI) were used as the ground truth. Moreover, the 
radiologist provided the mass-like or non-mass-like description of each lesion, as defined by the 
American College of Radiology (ACR) Breast Imaging Reporting and Data System (BIRADS) 
lexicon [80]. 
For simplicity, to discriminate benign and malignant lesion, we utilise only one slice that 
contains the maximum cross-section between the subtraction image of pre- and post-contrast MRI 
and the original MRI. This reduces the three dimensional anatomical MRI data and four 
dimensional DCE-MRI data to two dimensional and three dimensional data respectively. 
Additionally, we do not perform heart, or breast boundary segmentation. Rather, we utilise sub-
images that contain manually segmented ROIs of suspicious lesions. To differentiate malignant 
lesions from normal tissues, we also utilise sub-images from contralateral side of the breast which 
contains normal tissue. We discuss this in more detail in Chapter 3. Please note that we use the 
manually segmented ROIs to ground truth the data in the training phase. However, we do not need 
segmentation of ROIs to classify an unseen image (sub-image). The approval of the Human 
Research Ethics Committee at the University of Queensland was obtained for this research. The 
Ethics numbers are 2007001313 and 2013000563. 
2.6. Conclusion 
In this chapter, we have presented the necessary background on machine learning concepts to 
support our experiments in the later chapters. Specifically, we have presented an introduction to the 
statistical pattern recognition in images based on multiple instance learning. We have provided 
reasoning for the methodology, which we adopt in the experiments in the next chapters. In addition, 
we have provided the motivation for the aims of this research. In the next chapter, we evaluate the 
performance of CkNN in the classification and identification of non-contrast enhanced breast MRI. 
 
   
 
Chapter 3 
Multiple instance learning for breast MRI 
using spatial features alone 
 
In this chapter, we investigate the potential of multiple instance learning (MIL) [18] in the 
identification and classification of breast cancer MRI. In particular, we compare the performance of 
MIL against traditional single instance learning (SIL) using both generic tile-based and domain 
specific ROI-based features. As mentioned in Chapter1, sensitivity of MRI has been improved with 
the use of contrast agent in DCE-MRI. However, the injection of contrast agent is an expensive and 
invasive procedure. Therefore, here we initially investigate the performance of MIL for the 
classification of only T2-w MRI, which provides intensity based features in spatial domain alone. In 
the next chapter, we investigate the importance of both temporal and spatial generic features for the 
diagnosis of breast MRI using both DCE-MRI and T2-w MRI. The material presented in this 
chapter is expanded version of [81]. Please note that section 3.2 is not part of [81]. Further, we have 
added an additional experiment to justify our choice of selected MIL learner. This paper was 
presented at the Digital Image Computing: Techniques and Applications (DICTA), Wollongong, 
2014.  
The rest of the chapter is structured as follows. In Section 3.1, we present a brief 
introduction to the CAD tools used for the identification and classification of breast cancers. In 
section 3.2, we perform an experiment to understand the working of CkNN using synthetic datasets. 
Next in section 3.3, we present an experimental methodology to evaluate the MIL performance 
using the breast MRI dataset. Here we specifically talk about datasets, learners, and features for the 
classification of breast MRI. In section 3.4 and 3.5, we present the results and discussion. We 
finalise this chapter with conclusion in section 3.6. 
3.1 Introduction 
As mentioned in Chapter 1, CAD systems are used to assist radiologists in doing non-subjective 
analysis of medical imaging data. There are two types of CAD systems used in clinical practice: 
CADx systems are for the diagnosis of breast cancer and CADe systems are used as screening tools 
to assist radiologists with data visualization and to highlight the suspicious regions which may be 
Introduction 25 
 
 
 
 
indicative of disease [82]. In breast MRI, cancer screening of patients who are at high risk of 
developing breast cancer is mostly performed with the dynamic contrast enhanced (DCE) MRI [16]. 
However, we know that the injection of contrast agent in DCE-MRI is not only an invasive 
procedure but also expensive. Therefore, we initially use T2-w MRI for the detection of suspicious 
lesions.  
Once the suspicious lesion is highlighted in the screening phase, the next phase involves the 
diagnosis of breast cancer, i.e., the discrimination of benign and malignant lesions. CADx systems 
assist radiologists in the discrimination of benign and malignant lesions by providing computerised 
characterisation of the lesion. However, the efficacy of the computerised characterisation is 
dependent on the accurate segmentation of lesion from the surrounding breast tissue. As mentioned 
in Chapter 1, the accurate segmentation of the lesion is a challenging task due to poor signal-to-
noise ratio and faint edges due to partial volume effects. Therefore, lesion segmentation is subjected 
to uncertainties in the automatic segmentation process or to inter-observer variations (in case of 
manual segmentation). Since the aim of CADx systems is to increase the efficacy of interpretation 
as well as to reduce the inter-observer variations [16], we use tile-based characterisation of the 
suspicious regions by using tile-based multiple instance learning. Clearly, tile-based features do not 
require delineation (segmentation) of the lesion and are independent of the variations in the lesion 
segmentation process, thus can increase the efficacy of interpretation. 
Based on the CADx and CADe applications, we perform two studies to investigate the 
classification performance of MIL on breast cancer MRI. The aim of first study is to investigate the 
efficacy of tile-based MIL as a CADx diagnostic tool using T2-weighted breast cancer MRI and its 
comparison with traditional SIL approaches that require segmented lesions for the extraction of 
ROI-based features. The aim of second study is to analyse the performance of MIL as a CADe 
breast cancer screening tool. Here, the algorithms aim to classify malignant lesions as positive and 
(either) benign lesions or normal tissue as negative. 
To evaluate the efficacy of MIL for screening and diagnosis of breast cancer MRI, we utilise 
60×60 sub-images (blocks) that contain either manually segmented ROIs of benign/malignant 
lesions or (unsegmented) normal tissue. An instance is then a feature vector extracted from the 
(non-overlapping) tiles within these sub-images. We select the size of square tiles on an 
experimental basis.  
Before evaluating the performance of CkNN on breast MRI dataset, we first study the 
performance of CkNN using synthetic datasets. We use synthetic datasets because they give us the 
flexibility to change the characteristics of data which is not possible in case of real data. We also 
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use synthetic datasets to optimise the parameters of CkNN which can then be used in the 
classification of breast MRI. 
3.2 Understanding the Performance of CkNN Using Synthetic Datasets 
Here, we create two synthetic datasets which could reflect the characteristics of breast MRI data to 
some extent. Following is the detail of experiment which helps us to understand how CkNN works 
with varying characteristics of data over a range of parameter values. 
 
A. Methodology 
For simplicity, we assume that features extracted from tiles in breast MRI dataset has Gaussian 
distribution in the feature space; therefore, we construct two common types of datasets based on I-Ʌ 
and I-4I datasets [83]. We change the difficulty (overlap between classes) of each dataset by 
modifying the variance in the I-Ʌ and I-4I datasets. For a more detailed description of setting 
difficulty of synthetic datasets, please refer to [84]. In dataset 1 (I-Ʌ), instances are centred at 
different mean values, i.e., positive instances are centred at 1 and negative instances are centred at 
0. The variance of instances in positive and negative bags is 1.8 and 2.3 respectively. On the other 
hand, dataset 2 (I-4I ) contains instances both in positive and negative bags centred at 0, with the 
variance of 1.2 and 0.8 respectively. Initially, we generate each dataset consisting of 300 bags (with 
equal priors), with a bag size of 120 instances in 15 dimensions. 
To optimize the parameters of CkNN for different characteristics of datasets, we create each 
dataset with the flexibility of changing its properties, such as, number of bags, no. of instances, 
mean, variance, dimensions, etc. In order to evaluate the working of CkNN for different bag 
compositions, we vary the percent positives (PP) in positive bags, i.e., from 1 to 99 PP. For each 
bag composition, we evaluate the performance of CkNN using two most commonly used distance 
functions i.e., maximum Hausdorff (Hausdorff) distance and minimum Euclidean (Minimum) 
distance. The performance measure utilized is mean AUC. To understand the effect of both small 
and large values of ‘k reference neighbours’ and ‘c citer’s rank’ on the performance of CkNN, we 
also search the parameter space for 72 combinations of k and c. Table A (Appendix A) shows the [k, 
c] values utilised in this experiment. 
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B. Results 
Surf plots (Figure A.1 to A.4 in Appendix A) illustrate the performance of CkNN using both 
Hausdorff distance and Minimum distance over 72 [k, c] combination values (as mentioned in Table 
A) for ten bag compositions of both dataset 1 and dataset 2. Colour bar maps the performance of 
CkNN in mean AUC. For simplicity, we also present the results only with those parameter values (k 
and c values) which could represent the overall performance of CkNN using two distance functions 
on each dataset.  
For dataset 1, Figure 3.1 illustrates the performance of CkNN using Hausdorff distance in 
comparison to Minimum distance with k = 5 and c = 11. We can see that performance of CkNN 
using Hausdorff distance has an increasing trend with increasing PP, while there is no clear trend 
with PP using Minimum distance. Also, CkNN gives better performance with Minimum distance 
for 10 to 40 PP after which, results with Hausdorff distance are dominating. However, this trend of 
performance dominance in relation to PP on the basis of distance functions is variable over a range 
of k and c combination values (Figure A.1 and Figure A.2). Overall, Minimum distance gives robust 
performance irrespective of the bag composition, particularly with a large k or c. 
 
 
 
Figure 3.1: Performance of CkNN with Hausdorff distance in comparison to Minimum distance using 
Dataset 1. 
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For dataset 2, Figure 3.2 shows the performance of CkNN using Hausdorff distance and 
Minimum distance with k = 3, c = 32. It can be seen that, the performance of CkNN is not 
improved with increasing PP, rather remains unstable using either distance function. Overall, CkNN 
performs better with Hausdorff distance as compared to Minimum distance.  
 
 
 
 
Figure 3.2: Performance of CkNN with Hausdorff distance in comparison to Minimum distance using 
Dataset 2. 
 
 
In addition, we present the mean performance of CkNN over 10 different bag compositions 
using dataset 1 and dataset 2 in Figure A.5 and Figure A.6 (Appendix A) respectively. These box 
plots illustrate the performance of CkNN with Hausdorff distance in comparison to Minimum 
distance on each dataset. On each box, the central mark is the median of the performance, while the 
edges are 25th and 75th percentiles. Outliers are plotted individually, beyond the extent of whiskers. 
Figure A.5 suggests over all better mean performance of CkNN (using dataset 1) with Hausdorff 
distance as compared to Minimum distance particularly for small k and c combination values. For 
dataset 2, CkNN performs better with Hausdorff distance as compared to Minimum distance as 
shown in Figure A.6. 
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Discussion 
We have presented the classification performance of CkNN with two distance functions using two 
synthetic datasets in Figures A.1 to A.4, Figure 3.1 and Figure 3.2. In addition, we have presented 
the mean performance of CkNN over 10 different bag compositions for 72 combinations of k and c 
values in Figure A.5 and Figure A.6. The performance estimation of CkNN on synthetic datasets 
indicates that CkNN shows robust performance over a wide range of [k, c] values with suitable 
distance function. However, large values of k compromise the basic assumption behind the nearest 
neighbours based learners. Also big values of k or c make CkNN computationally expensive. 
Therefore, we utilise only small values of k and c to optimise the parameters of CkNN for the 
identification and classification of breast MRI. Moreover, CkNN shows increasing trend with PP 
when utilised with Hausdorff distance using dataset 1. Steven D. Brossi, et al., [84] find the same 
results in their work. They present the classification performance of CkNN using I-Ʌ dataset with 
Hausdorff distance for different bag compositions and bag sizes (no. of instances per bag). 
Although characteristics of dataset 1 (bag size, class priors, and number of features) in our 
experiment is different from [84], the performance trend is almost identical. 
The performance evaluation of CkNN on synthetic datasets gives us an insight into the 
working of CkNN with the two types of distance functions for different bag compositions over a 
range of parameter values. This experiment helps us to evaluate the performance of CkNN on breast 
MRI dataset. The mean performance of CkNN over different bag compositions indicates that CkNN 
performs better with Hausdorff distance as compared to Minimum distance. On the basis of this 
result, we use CkNN with Hausdorff distance for the diagnosis of breast cancer in MRI in the next 
section.  
3.3 Experimental Methodology for the Classification of Breast MRI 
A. Datasets 
To analyse the relative classification performance of learners in MIL and SIL domain on different 
nature of breast MRI datasets (presented in section 2.5), we divide the data (presented in section 
2.5) into only mass-like (dataset A) and both mass-like and non-mass-like lesions (dataset B). Table 
3.1 highlights the detail of datasets used in the experiments. Dataset A contains 77 mass-like lesions 
out of 165 lesions and dataset B consists of 129 (both mass-like and non-mass-like) lesions from 
129 subjects containing single lesion. In total, there are 53 malignant and 24 benign lesions in 
dataset A and 77 malignant and 52 benign lesions in dataset B. Each lesion in the subtraction 
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images of DCE-MRI was manually delineated by radiologist using CAD tools such as region 
growing tool in OsiriX [85]. These delineated lesions are used to estimate the ground truth for 
labelling the tiles in MIL dataset. 
 
Table 3.1: Detail of datasets 
Dataset Size of Dataset 
No. of Malignant 
Lesions 
No. of Benign Lesions 
Dataset A 77 mass-like lesions 53 24 
Dataset B 
129 mass-like and non-
mass-like lesions 
77 52 
 
 
For tile-based experiments, we use segmented blocks of size 60×60 pixels from T2-w and 
bias field corrected T1-w MRI (T1-w MRI is used only for the selection of tile size). This block size 
covers most of the lesions in the database and the same size of blocks for all the subjects allows 
consistency in the experimental evaluation. There are two sets of segmented blocks. The block set 
overlapping roughly with the manually segmented ROI, contains either malignant or benign lesions, 
while the other set consists of non-lesion (normal) tissue. Due to inhomogeneous intensities in MRI, 
we normalize T1- and T2-w MR images before processing by dividing T1 and T2 pixel wise by the 
sum of T1, T2 and ɛ.  
 
 ?& = ?&?1 + ?2 + F 
where i=1 and 2. 
 
We ground truth the datasets using histopathology reports. For MIL, we consider a block of 
60×60 pixels of T2-weighted MRI overlapping with the ROI as a bag and feature vector from a tile 
of n×n pixels as an instance. Malignant cases constitute the positive bags while image blocks 
containing benign lesions make up the negative bags. Moreover, in experiments where normal 
tissues are used, they are also considered as negative. We ground truth the tiles (instances) in the 
bags containing malignant lesions using the difference between the pre and post-contrast images. 
Specifically, a tile is considered as positive if at least one pixel in the tile overlaps with a malignant 
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ROI, otherwise it is negative. In addition, we consider all tiles in the bags containing benign lesions 
or normal tissue as negative.  
To evaluate the performance of MIL as a diagnostic tool in CADx study, we use both 
datasets A and B. For performance estimation of MIL as a screening tool in CADe study, we only 
use dataset B with both normal and suspicious lesions. We have selected dataset B for CADe study 
to train the classifiers on a variety of breast tissue types necessary for the screening purpose. 
 
B. The Learners 
In order to investigate the classification performance of MIL on the breast MRI data, we compare 
CkNN with traditional (single instance) kNN. In addition, we use random forest (RF) both for 
feature selection and to benchmark the performance of variants of kNN. RF is a commonly used 
robust classifier which can handle large amount of features without being affected by the curse of 
dimensionality due to inherent internal randomised distribution of data among decision trees [86]. 
Moreover, it provides an estimate of the importance of individual features [87,88]. In the 
experiments, we select ROI-based features on the basis of their importance returned by RF. 
We use Multiple Instance Learning ToolboxI [89] an add-on to PRTools toolbox written in 
MATLAB®, and PRTools toolbox 4.2.0II. For random forest classification, we use R Version 
3.0.148III, [90] and the randomForest package [91]. Each random forest classifier is constructed 
using 2000 trees and the parameter ‘mtry,’ which controls the number of variables randomly 
sampled as candidates at each split, is set to 3. 
We optimise the parameters of two versions of kNN on the synthetic datasets I-Ʌ and I-4I 
[83]. We make certain modifications in the creation of I-Ʌ and I-4I to achieve breast cancer MRI 
data characteristics in terms of difficulty, number of features and number of bags. For more details 
on the creation of synthetic dataset, modification in associated characteristics and optimisation of 
parameters on synthetic datasets, please see section 3.2. The selected parameter values are tabulated 
in Table 3.2. We appreciate that the performance of learners in the classification of breast cancer 
MRI may be pessimistically biased due to optimisation of parameters on the synthetic datasets 
rather than on the breast MRI dataset. However, we are interested in the relative performance of the 
learners and have limited breast MRI data. 
As mentioned in Chapter 2, CkNN does not follow the explicit MIL assumption. It classifies 
the bags on the basis of majority vote of the neighbouring bags. There are other MIL algorithms 
                                                     
Ihttp://prlab.tudelft.nl/david-tax/mil.html 
IIhttp://prtools.org/software 
IIIhttp://www.r-project.org 
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which strictly follow the standard MIL assumption, such as, EM-DD, MI-SVM, and APR. These 
are the types of eager learners which generalise the training data to construct a concept space. In 
contrary, CkNN is a type of lazy learner which does not generalize the training data. Rather, it 
stores all the data until testing. Here, we also compare the performance of CkNN with the other 
MIL-based eager learners which follow the strict MIL assumption.  
 
Table 3.2: Optimised parameter values 
Dataset Learner Parameter Values 
A 
CkNN k=7, c=10 
kNN k=7 
B 
CkNN k=3, c=2 
kNN k=13 
B (for malignant versus benign 
or normal) 
CkNN k=7, c=5 
kNN k=13 
 
 
C. Feature sets 
To avoid over-fitting to the data, we use different feature sets for selection of tile size and for 
comparison of MIL performance with SIL. Specifically, we use generic tile-based features using 
both T1- and T2-w MRI to select the tile size. Moreover, we utilise these features to compare the 
performance of CkNN with other MIL algorithms. A list of generic tile-based features used for 
both, the selection of tile size and comparison of MIL-based algorithms is given in Table 3.3. 
To estimate the performance of CkNN in CADx and CADe studies, we use modified 
intensity and edge intensity features which have either been used in image database or in medical 
image analysis. Modification of the features is made to acquire information relevant to the lesion by 
extracting directional features. These features are generic in nature, which represent the intensity 
statistics in a tile (e.g., mean, variance, edge strength) rather than specific to breast cancer. Table 3.4 
presents the generic tile-based features extracted from T2-w images alone.  
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Table 3.3: List of tile-based features for the selection of tile size 
1. Mean intensity in T1-w MRI 
2. Mean intensity in T2-w MRI 
3. Standard deviation in T1-w MRI 
4. Standard deviation in T2-w MRI 
5. Mean gradient (magnitude) T1-w MRI 
6. Mean Laplacian in T1-w MRI 
7. Mean Laplacian in T2-w MRI 
 
 
Table 3.4: List of tile-based features used in CADx and CADe studies 
1. Mean intensity 
2. Maximum of standard deviation along axial direction  
3. Maximum of standard deviation along transverse direction  
4. Mean absolute gradient in axial direction 
5. Mean absolute gradient in transverse direction 
6. Mean of maximum Laplacian in axial direction 
7. Mean of maximum Laplacian in transverse direction 
 
 
For the ROI-based traditional classification, we use T2-w specific features from manually 
segmented lesions (ROIs). The ROI-based T2 features from literature are listed in Table 3.5. In 
CADx study, we perform feature selection for the ROI-based T2 features using RF. The importance 
coefficient for each feature is taken to be its mean decrease in Gini coefficient. After performing 
feature selection we obtain: (1) for dataset A, a set of first 10 features (2) for dataset B, a set of 
middle ten features from 2 to 11 listed in Table 3.5. Here we briefly describe the ROI-based 
features presented in Table 3.5. Further for more details on ROI-based features please refer to the 
relevant references. 
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Table 3.5: List of ROI-based features used in CADx Study 
 
 
 
Features 1 to 4 and 12 represent the signal intensity of the lesion in normalised T2-w images 
(normalisation is done with respect to the intensity of fat) in VOI. The details of normalisation of 
T2-w images with respect to fat can be found in [92]. Features 5 and 11 are oedemas which are 
computed from a thick margin (shell) defined around the VOI. Please note that oedema is the 
swelling caused by the accumulation of watery fluid in the body cells or tissues which appears as 
hyper-intensity in T2-w MRI. The presence of oedema can be indicator of carcinoma, or associated 
with inflammatory breast cancer. However, the occurrence of oedema does not necessarily indicate 
malignancies. Heart disease may also cause development of oedema [94]. These above mentioned 
features are essentially proposed by van Aalst et al. [93]. In feature 6 (which is a variation on feature 
11), we do not include fat pixels (in the shell) in the feature computations. Features 7 to 9 are grey-
level co-occurrence textural features, and feature 10 is radial gradient index, derived from 
normalised T2-w images. The radial gradient index correlates with the degree of peripheral hyper-
intensity, and has been shown to exhibit the early peripheral enhancement in DCE-MRI [95]. 
In CADe study, we compare the performance of learners using tile-based features alone. We 
do not compare the performance of CkNN against ROI-based classification because in non-contrast 
enhanced MRI (e.g., T2-w MRI), segmentation of ROIs itself requires prior detection of lesions. 
The dataset are split into training and validation subsets using bag level stratified 10-fold cross 
validation (CV) [51]. Mean area under receiver operating characteristics (ROC) curve (AUC) [54] 
1. Mean in VOI relative to fat [60,92] 
2. Standard deviation in VOI relative to fat [60,92] 
3. 20th percentile in VOI [93] 
4. 90th percentile in VOI [93] 
5. Presence of oedema (92nd percentile in 2mm shell) [92,93] 
6. Presence of oedema in non fatty tissue [92,93] 
7. Homogeneity [11] 
8. Maximum correlation coefficient [11] 
9. Sum average [11] 
10. Radial gradient index [11] 
11. Presence of oedema (98th percentile in 20mm shell) [92,93] 
12. Mean of eroded VOI [92,93] 
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over 10-fold CV is used as a performance measure. For both CADx and CADe studies, we perform 
a t-test to evaluate the significance of the difference between the AUC obtained with CkNN and 
single instance kNN and RF. 
 
D. Selection of tile size 
Tile size is clearly an important parameter in the tile-based image classification because tile 
represents the feature vector. We select the tile size by evaluating the performance of CkNN against 
different sizes of tiles. To select a suitable tile size, we use dataset B with both suspicious and 
normal tissue types to get a size of tile robust to the nature of dataset. Features, listed in Table 3.3, 
are extracted from non-overlapping tiles of size ranging from 2×2 pixels per tile to 30×30 pixels per 
tile. We use non-overlapping tiles to have minimum redundant information from tiles. CkNN with 
Hausdorff distance is used to classify the dataset into malignant and normal tissue/benign lesion. 
The performance of CkNN for different tile sizes is shown in Figure 3.3. 
 
 
 
Figure 3.3: Mean AUC for square tile sizes. 
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this tile size of 20×20 pixels in both the CADx and CADe studies. Further, we compare the 
performance of CkNN with other MIL learners with the selected tile size. A comparison of CkNN 
with other MIL algorithms is shown in Figure 3.4. Figure 3.4 shows that CkNN performs better as 
compared to other MIL algorithms on anatomical breast MRI data. This supports our choice of lazy 
learner. 
 
 
 
 
Figure 3.4: Comparison of MIL algorithms. 
 
3.4 Results 
A. CADx study: MIL as a diagnostic tool 
For dataset A, Table 3.6 and Figure 3.5 summarise the comparison of classification performance of 
CkNN against kNN and RF. The corresponding average ROC curves are presented in Appendix B 
(Figure B.1). 
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Table 3.6: Performance of CkNN in comparison to SIL using dataset A in CADx study 
Dataset Technique Learner Mean AUC 
Dataset A (77-mass-
like lesions) 
MIL (Tile-based) CkNN 0.727 ± 0.058 
SIL (Tile-based) 
kNN 0.549 ± 0.025 
Random Forest 0.696 ± 0.023 
Traditional SIL (ROI-
based) 
kNN 0.683 ± 0.062 
Random Forest 0.771 ± 0.053 
 
 
From Table 3.6 and Figure 3.5 we can see that, CkNN acquires a mean AUC value of 0.727. 
Tile-based kNN and RF achieve mean AUC values of 0.549 and 0.696 respectively. The ROI-based 
kNN and RF achieve mean AUC of 0.683 and 0.771 respectively. 
 
 
Figure 3.5: Comparison of CkNN with the tile-based and the ROI-based SIL using dataset A in CADx 
study. 
 
 
Figure 3.5 suggests the marked difference between mean AUC yielded by CkNN and the 
tile-based kNN. A t-test with a p value <0.05 confirms statistically significant difference between 
CkNN and the tile-based kNN. On the other hand, the difference between performance of CkNN 
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and the tile-based RF is not statistically significant. However, there is statistically significant 
difference between the performance of the tile-based SIL and the ROI-based SIL. The performance 
of CkNN is statistically similar to the ROI-based kNN and RF. Apparently, the best mean AUC is 
achieved with the ROI-based RF. But, a p value (0.6843) suggests that the difference between the 
performance of CkNN and the ROI-based RF is not statistically significant.  
For dataset B, the classification performance of CkNN in comparison to the tile-based and 
the ROI-based kNN and RF is presented in Table 3.7 and Figure 3.6. Figure B.2 (Appendix B) 
presents the corresponding average ROC curves. 
 
Table 3.7: Performance of CkNN in comparison to SIL using dataset B in CADx study 
Dataset Technique Learner Mean AUC  
Dataset B (129 mass-
like and non-mass-like 
lesions) 
MIL (Tile-based) CkNN 0.592 ± 0.050 
SIL (Tile-based) 
kNN 0.532 ± 0.018 
Random Forest 0.617 ± 0.018 
Traditional SIL (ROI-
based) 
kNN 0.486 ± 0.052 
Random Forest 0.651 ± 0.048 
 
 
 
Figure 3.6: Comparison of CkNN with the tile-based and the ROI-based SIL using dataset B in CADx 
study. 
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Table 3.7 and Figure 3.6 show that we achieve mean AUC values of 0.592 with CkNN and 
0.532, 0.617 with the tile-based kNN and RF respectively. The mean AUC values obtained with the 
ROI-based kNN and RF are 0.486, 0.651 respectively. For dataset B, we observe almost identical 
trends to those of dataset A but with decreased mean AUC values. This demonstrates that on this 
dataset the classification performance of kNN is equivalent to a random labelling of the instances, 
i.e., it cannot reliably discriminate the two classes. 
 
B. CADe study: MIL as a screening tool 
A comparison of the performance of CkNN as a screening tool for discrimination of malignant from 
benign lesions/normal tissue types with the tile-based single instance kNN is illustrated in Table 
3.8. Figure B.3 (Appendix B) provides the average ROC curves for CADe study. 
 
Table 3.8: Performance of CkNN in comparison to kNN in CADe study 
Learner Mean AUC 
CkNN 0.621 ± 0.039 
kNN 0.593 ± 0.017 
 
 
The comparison of CkNN with the tile-based kNN indicates that CkNN yields a mean AUC 
value of 0.621 while, kNN achieves a mean AUC value of 0.593. A t-test shows that there is not a 
statistically significant difference between the performance of CkNN and the tile-based kNN on this 
dataset. 
3.5 Discussion 
Figure 3.3 shows the performance of CkNN against different tile sizes. We observe from Figure 3.3 
that performance of CkNN is improved as the tile size is increased (or the number of instances per 
bag is decreased). The decreasing mean AUC with decreasing the tile size can be explained by two 
factors: 1) noise is being added to the feature vector when the size of tile is decreased, and 2) CkNN 
performs better with a smaller bag size [39]. As the tile size is further increased beyond 20×20, the 
performance of CkNN is reduced. This is because features extracted from tiles larger than 20×20 
pixels provide more generalised and spatially irrelevant information that compromises the 
classification performance.  
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Figure 3.4 represents the comparison of CkNN with other MIL algorithms using breast MRI 
data. In particular, Figure 3.4 compares the performance of CkNN, where label of bag is determined 
without using explicit MIL assumption on the relationships of instances and bag labels, to the other 
MIL algorithms which follow strict MIL assumption. These experimental results indicate that, 
methods which strictly follow standard MIL assumption (e.g., MI-SVM and EM-DD, and APR) do 
not give comparable results to CkNN on the breast MRI data. Lin Dong draws a similar conclusion 
from his research. He presents a comparison of MIL algorithms on 16 datasets in [48]. He finds that 
learners which discard MIL assumption give better results on many datasets. Moreover, we know 
that APR algorithm is specially designed to solve the drug discovery problem [39]. Also, it involves 
a lot of parameters, which are hard to set properly for other datasets. Poor generalizability of APR 
to the breast MRI data could be another possible reason for the poor classification result. 
We have presented the comparison of CkNN with the tile-based and the ROI-based SIL 
using datasets A and dataset B in Figure 3.5 and Figure 3.6 respectively. We observe three main 
trends from Figure 3.5 and 3.6. The first is related to the comparison of the performance of CkNN 
and the tile-based single instance kNN and RF. The performance of CkNN is better than the tile-
based single instance kNN but equivalent to RF. Average ROC curves in Figure 3.7 also 
demonstrate the similar trend. Moreover, classification performance of the tile-based single instance 
RF is better than the tile-based single instance kNN. The reason for this is likely the robustness of 
RF and its inherent internal feature selection process.  
 
 
     
Figure 3.7: Average ROC curve of CkNN in comparison to the tile-based SIL using dataset A. 
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The second trend is based on the relative classification performance of the tile-based and the 
ROI-based SIL. From Figure 3.5, we observe that, the ROI-based SIL gives better classification 
performance as compared to the tile-based SIL. We also observe similar trends in Figure 3.6 but 
with the reduced mean AUC values. Also, ROI-based classification using kNN gives an apparent 
random labelling of samples. The reason for the relatively poor performance of the tile-based SIL as 
compared to the ROI-based SIL can only be the difference of the features in both cases. For the 
ROI-based SIL, we have used state-of-the-art T2 features, which are application dependant; while 
the tile-based SIL is based on simple, generic features. 
The third trend is associated with the comparison of the performance of CkNN with the 
ROI-based kNN and RF. On dataset A, CkNN has equivalent performance to the ROI-based kNN 
while, on dataset B, the performance of CkNN is significantly better than the ROI-based kNN. On 
the other hand, the ROI-based RF gives slightly better performance as compared to CkNN. The 
better performance of the ROI-based single instance RF as compared to CkNN can be explained by 
two possible reasons: difference of the features used in the performance estimation of CkNN and 
the ROI-based single instance RF and the difference of classifier. RF is a robust classifier as 
compared to kNN [96] with an internal feature selection capability. 
Statistically, there is not a significant difference between the performance of CkNN and the 
ROI-based single instance RF. Thus MIL, as a ‘pure’ machine learning technique, has equal 
potential for diagnostic classification for breast cancer MRI even when using generic tile-based 
features. The tile-based generic features have four main advantages over the ROI-based features. 
First, they are computationally easy to calculate. Second, they do not depend on an accurate 
segmentation of the lesion. Third, the extraction of generic features does not require extensive 
knowledge of breast cancer MRI. And fourth, the extraction of generic features allows the screening 
for suspicious lesions without delineating the lesions. On the other hand, the ROI-based features 
depend on an accurate delineation of lesions, thus, cannot be used for screening purpose.  
Furthermore, the improved classification performance of all the learners on dataset A as 
compared to dataset B indicates that dataset containing mass-like lesions (dataset A) is easier to 
classify into benign and malignant lesions as compared to the dataset containing both mass-like and 
non-mass-like lesions (dataset B).  
For the tile-based classification, we have not considered the curse of dimensionality. The 
nearest neighbour learners are particularly sensitive to the curse of dimensionality [39] especially 
with small k values. High dimensionality is not a problem with RF due to distribution of 
randomised subsets of features and samples among decision trees [86]. Therefore, it is reasonable to 
ask that if we do feature selection before classification, is it likely that we will get better results? To 
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analyse this question, we utilize the tile-based features selected by RF based on the importance 
coefficients returned by RF. For simplicity, we use these SIL features for MIL classification. We 
acknowledge that the results may be pessimistically biased as we select the subset of features in the 
SIL domain for the performance estimation of MIL domain (CkNN). However, for the variants of 
kNN, the results are not classifier biased, as important features are selected using RF and tested 
using kNN. 
We determine the optimal number of features by applying the rule of thumb as 
recommended by Jain, et al., [49]. For dataset A, we have 53 positive and 24 negative samples. 
After dividing the data into training and test set using stratified 10-fold CV, we get a training set 
consisting of (53 − 5 =) 48 positive and (24 − 2 =) 22 negative samples. Therefore, the optimal 
number of features using the rule of thumb is determined as: 
 
3.:&95 6. 6= = 9:;! > = └ 2210 ┘ = 2 
 
Similarly, for dataset B, the optimal number of features for CADx and CADe studies is 5 and 
7 respectively. For simplicity, we select┌ 4PQPRS ┐ = 5 features for each study. The selected features 
for datasets A and B are presented in Table 3.9. 
 
Table 3.9: Five important tile-based features 
Dataset 5 Selected Features from Table 3.4 
A (mass-like lesions) 1,2,4,5,7 
B (both mass-like and non-mass-like lesions) 1,2,4,5,6 
 
 
From Table 3.9 we observe that, the tile-based feature set after feature selection for dataset 
B contains features mainly in the axial direction. One possible reason is that many malignant lesions 
are directed parallel to the duct system in the axial direction. If lesions have bigger diameter in axial 
direction as compared to transverse direction, the lesion is more likely to be malignant [97,98]. This 
indicates that MIL with generic features can find physiological relevant information as well. 
After features selection, we re-evaluate the classification performance of CkNN and the tile-
based SIL using kNN and random forest in CADx study. Figure 3.8 and Figure 3.9 present a 
comparison of the classification performance of CkNN and the tile-based single instance kNN and 
RF before and after feature selection for datasets A and B respectively. From Figure 3.8 and Figure 
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3.9, we observe that there is little improvement in the performance of the tile-based single instance 
kNN after feature selection. The performance of the tile-based single instance RF before and after 
feature selection is almost the same (as expected). 
 
 
 
Figure 3.8: Comparison of the learners before and after feature selection using dataset A. 
 
 
From Figure 3.8, a comparison of the performance of CkNN for the mass-like lesions before 
and after feature selection indicates that performance of CkNN is degraded slightly after feature 
selection. But, this decrease in performance is not significant. To explain the possible reason for the 
decrease in the performance of CkNN after feature selection, we believe that, generic features in 
both axial and transverse direction are equally important for the classification of mass-like breast 
lesions. However, Figure 3.9 shows a significant improvement in the performance of CkNN after 
feature selection, which goes from mean AUC value of 0.592 to 0.701. The improved performance 
of CkNN is evidence for its efficacy in discriminating benign and malignant lesions even for a more 
challenging dataset containing both mass-like and non-mass-like lesions.  
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Figure 3.9: Comparison of the learners before and after feature selection using dataset B. 
 
 
Encouraged by the improved performance of CkNN after feature selection in CADx study, 
we repeat CADe study with the new set of features. The comparison of results before and after 
feature selection, as illustrated in Figure 3.10, confirms improved performance of CkNN after 
feature selection. The results after feature selection indicate that, if a feature selection step is added 
before classification, MIL can also be a suitable choice to assist radiologists in breast cancer 
screening. Thus, MIL has potential to highlight the suspicious regions without delineating the ROI 
if it is trained over malignant, benign and normal tissue types. The improved performance of CkNN 
after feature selection shows that feature selection is an important step in MIL to avoid the curse of 
dimensionality. So far, very few feature selection techniques in MIL have been proposed. 
Therefore, we develop a MIL-based feature selection algorithm in Chapter 4. 
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Figure 3.10: Comparison of the learners before and after feature selection in CADe study. 
 
3.6 Conclusion 
In this chapter we have first developed an insight into the working of CkNN using synthetic datasets 
on an experimental basis. We have also used the similar methodology to optimise the parameters of 
CkNN for the classification of breast MRI. Empirical results indicate that the performance of CkNN 
is robust to a wide range of [k, c] values. After studying working of CkNN on synthetic datasets, we 
have evaluated the classification performance of CkNN using breast cancer MRI in both CADx and 
CADe applications. The initial experiment for the selection of tile size shows that the performance 
of CkNN is affected by the tile size. A small tile size gives a noisy feature vector while a big tile 
size represents spatially irrelevant features which compromise the performance of CkNN. A 
comparison of the performance of CkNN with other MIL learners indicates the better performance 
of CkNN. This demonstrates the greater classification efficacy of CkNN on breast MRI data and 
supports our choice of lazy learner. 
The empirical results of the CADx study indicate that CkNN performs significantly better 
than the tile-based kNN. Moreover, the ROI-based SIL based on state-of-the-art T2-w features is 
better than the tile-based SIL. Also, performance of CkNN is statistically equivalent to the ROI-
based SIL. However, tile-based classification using CkNN does not require domain specific features 
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and is robust to the inaccuracies in the segmentation of suspicious lesions. Therefore, CkNN is a 
suitable choice for the classification of T2-w breast cancer MR images. Results of CADe study 
indicate that CkNN also has the potential to be used as a screening tool in breast MRI by 
eliminating the need for the delineation of suspicious lesions. The improved performance of CkNN 
after feature selection emphasizes the continued importance of feature selection in multiple instance 
learning.  
Here we have evaluated the performance of CkNN using generic spatial features alone from 
T2-w MRI. In the next chapter, we estimate the performance of CkNN using both spatial and 
temporal (spatio-temporal) generic features derived
   
 
Chapter 4 
Multiple instance learning for breast MRI 
using generic spatio-temporal features 
 
In this chapter we evaluate the performance of multiple instance learning (MIL) as a ‘pure’ machine 
learning approach for the classification of breast cancer. Specifically, we use generic tile-based 
features derived from T2-weighted MRI and T1-weighted DCE-MRI. Since, DCE-MR images are 
obtained at several time points, so we not only get spatial image information but also information in 
time domain (i.e., temporal). Therefore, we particularly investigate the importance of both spatial 
and temporal (spatio-temporal) features for the differentiation of benign and malignant lesions. We 
utilize parametric models of contrast enhancement and a discrete cosine transform (DCT) as feature 
extraction techniques. We compare generic tile-based features against ROI-based features. We also 
compare the results with those of Chapter 3, where we have used MIL for the classification of non-
contrast enhanced MRI using generic tile-based spatial features alone. The core material presented 
in this Chapter forms the basis of a conference paper [99] which is published in the International 
Conference on Acoustics, Speech and Signal Processing (ICASSP), 2015. 
Remainder of the chapter is organised as follows. In Section 4.1, we present a brief 
introduction to the types of contrast enhancement curves in model fitting. Here, we talk specifically 
about the difference of the trends that malignant and benign lesions show in model fitting. In 
section 4.2, we present the experimental methodology to evaluate spatio-temporal features. Here we 
talk about datasets, learners, and features for the classification of breast MRI. We also perform an 
initial experiment to determine the suitable tile size for the evaluation of spatio-temporal features. 
In section 4.3 and 4.4, we present the results and discussion. Finally, we conclude this chapter in 
section 4.5. 
4.1. Introduction 
As mentioned in Chapter 1, the sensitivity of breast MRI has been improved with the use of contrast 
agent in DCE-MRI. DCE-MRI has an advantage that it provides a good contrast between suspicious 
lesions and normal tissue types. Also, the use of T2-w MRI is standard in clinical interpretation of 
breast cancer MRI. Therefore in this chapter, we use both DCE-MRI and T2-w MRI to empirically 
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evaluate the performance of multiple instance learning. Specifically, we use generic tile-based 
spatio-temporal features for the discrimination of benign and malignant lesions. 
As described in Chapter 1, DCE images are acquired before and at several time points after 
the injection of contrast agent. An important criterion for the diagnosis of breast cancer in DCE-
MRI is a signal intensity change over time [100]. Fitting parametric models (empirical or 
pharmacokinetic models) of contrast enhancement to these time points result in contrast 
enhancement curves (time-intensity curves). In Figure 4.1, three basic curve shapes have been 
shown. These time-intensity curves can be summarised in two phases. Early upslope phase (post-
contrast rise) depicts wash-in characteristics, which are often categorised as slow, inter-mediate and 
rapid. Delayed phase can be categorised as persistent (or curved) identified by a positive slope, 
plateau (zero slope), and washout (negative slope). Most malignant lesions in the post-contrast 
images depict an early stronger enhancement (initial fast upslope) with a rapid washout. Moreover, 
lesions which depict a plateau in the delayed phase are mostly considered suggestive of malignancy 
too. On the other hand, a slow enhancement in the initial phase followed by a persistent or curved 
enhancement in the delayed phase is a characteristic of most benign lesions [101,102].  
 
 
 
Figure 4.1: Types of contrast enhancement curves [101]. 
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We can extract features from time-intensity data using model free approaches, empirical 
models and pharmacokinetic models. In model-free approaches, we extract information (time to 
peak, intensity of peak etc.) from time-intensity data without fitting any model to the data [103]. 
Empirical models are simple models which describe the time-intensity curves typically with 
between two and four parameters. Linear slope [112], simplified gamma variates [104], Ricker 
[105], Gal [113], and Agliozzo [106] models are examples of empirical models. Pharmacokinetic 
models are based on compartmental flow assumption, i.e., these models assume that the contrast 
agent is distributed between two main tissue compartments (the intra-vascular plasma volume space 
and the extra-vascular / extra-cellular volume). Examples of these include Tofts model [107], Brix 
model [108] and Hayton model [109]. 
Model-free approaches do not make any assumptions about the underlying signal but require 
high temporal resolution to get accurate parameters. Pharmacokinetic models involve a large 
number of fitting parameters and require high temporal resolution. Empirical models, on the other 
hand, involve few parameters and are suited to low temporal resolution acquisitions [92]. In this 
chapter, we utilise generic empirical models of contrast enhancement to extract temporal features 
from DCE-MRI. 
In addition, we utilise a discrete cosine transform (DCT) [110] as a feature extraction 
technique. We know that good performance of a classifier is dependent on high discriminatory 
power of the features representing an image [83]. Discrete cosine transform is a generic technique 
which transforms a signal (i.e., image here) from spatial domain to frequency domain. DCT has the 
property to concentrate the visually significant information in just few low frequency coefficients. 
Since low frequency coefficients preserve the important information, we assume that these low 
frequency coefficients can provide high discrimination between benign and malignant lesions. 
4.2. Experimental Methodology 
A. Dataset 
Here we use ‘dataset A’ previously used in our work on the diagnosis of breast cancer MRI in 
Chapter 3. This dataset consists of 53 malignant and 24 benign mass-like lesions. In Chapter 3, we 
have considered a block of 60×60 pixels from T2-weighted (T2-w) MRI overlapping with a 
manually segmented ROI as the bag and the features extracted from n×n tiles as instances. Here, we 
extend this work to both T2-w MRI and DCE-MRI. 
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B. Algorithms 
In order to estimate the classification performance of MIL on breast MRI data using spatio-temporal 
features, we evaluate the performance of CkNN in comparison to kNN. In addition, we compare the 
performance of CkNN with the results of a more conventional approach described in [92,111], 
because this study was performed on the same dataset. This study investigates the discriminatory 
power of state-of-the-art ROI-based features from multi-modal MRI using a Random Forest (RF) 
classifier. In particular, we compare the results with the relevant results of study 2 based on DCE-
MRI alone and DCE-MRI combined with T2-w MRI. 
In Chapter 3, we have used CkNN for the selection of tile size. But to avoid over-fitting to 
the data, we have utilised different feature sets for both the selection of tile size and the 
performance estimation of CkNN. Here to avoid over-fitting to the data, we select the tile size on a 
SIL-based learner, i.e. a Random Forest classifier, rather than CkNN. If we use CkNN for the 
selection of tile size and then estimate its performance using the same dataset, the performance of 
CkNN would be optimistically biased. Hence, we select a SIL-based RF for the selection of tile 
size. We know that RF is a robust classifier which is not affected by the curse of dimensionality 
[86]. Therefore, we select the tile size without reducing the dimensionality. We acknowledge that, 
selecting the tile size with a SIL-based learner may add negative bias to the performance of a MIL-
based learner. However, due to limited data we cannot split the data independently for both the 
selection of tile size and the performance estimation of CkNN. 
 
C. Features 
In the previous chapter, we have proposed a generic tile-based MIL approach for the identification 
and classification of non-contrast enhanced breast cancer MRI. In particular, we have used modified 
generic features from image database to discriminate benign and malignant lesions. Here we extend 
this approach to DCE-MRI and include both spatial and temporal features. We utilise a DCT to 
extract generic tile-based features. DCT has the advantage that it allows us to extract generic tile-
based features in multi-dimensions. To extract generic tile-based spatio-temporal features, we first 
expand the 60×60 sub-image by reflecting boundaries to make it 64×64 pixels block in case of T2-
w MRI and 64×64×4 block in case of DCE-MRI. We then decompose 64×64 blocks of images into 
independent n×n tiles for T2-w MRI and n×n×4 cubes for DCE-MRI. These tiles/cubes represent 
the instances in each 64×64 or 64×64×4 bag. 
To obtain this spatio-temporal information, we evaluate two approaches: 1) using a 3D-DCT 
on DCE-MRI alone, which gives spatial information combined with temporal i.e., spatio-temporal. 
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2) using a 2D-DCT on T2-w MRI to obtain spatial features plus three parameters each from a linear 
slope model [112] and an empirical model of contrast enhancement (Gal model) [113] to obtain the 
temporal features from DCE-MRI. 
We have chosen these above mentioned parametric models because they are generic in 
nature. These models are not derived from pharmacokinetics, i.e. these models do not make 
assumptions about the relation of concentration of contrast agent and intensity (two compartment 
flow). Also, the parameters of these models are independent of the density and nature of tissue type 
[113]. 
The equations and initial estimates of parameters for each of the above mentioned model are 
given in Table 4.1. Variable t and y respectively show the time and intensity since the injection of 
contrast agent. Both of the selected models are not linear in their parameters and hence linear least 
squares algorithm cannot be used to fit these models. We use MATLAB implementation of Trust-
Region algorithm, a non-linear fitting algorithm, to fit both models to the enhancement curves of 
each tile. The three parameters from linear slope model are initial slope (U1 = /:), delayed slope 
(β2), and the time point where these two slopes meet (α). The three parameters from Gal model 
are 9, <, 9
 /, which are positive, real parameters [113].  
 
 
Table 4.1: Parametric models of enhancement 
Parametric 
Model 
Equation Initial Parameter 
Estimates 
Bounds 
Linear 
Model 
=(:) = WU1:                            &= : ≤  YU1Y +  U2(: − Y)   &= : > YZ 
U1 = 2/:2  
U2 = 0, 9
 Y =
:2 (:ℎ  =&!>: .6>: −
/6
:!9>: :&  [114] 
 −∞ < U1 < ∞ 
−∞ < U2 < ∞ 
−∞ < Y < ∞ 
Gal Model =(:) = 9. :.  ]^
_
`
 
A = 1.2, b = 3.2,  
c = 0.8 
9 ∈ (0,200) 
< ∈ (0,100) 
/ ∈ (0,3) 
 
 
We want to fit the model to the data with an approach which is both computational efficient 
and robust to the noise. We know that each tile contains 
4 pixels. Fitting a non-linear model to 
every pixel in a tile is time consuming and involves extensive computations. Pixel-wise model 
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fitting is not only computationally expensive, but also sensitive to the noise, specifically to the 
motion artefacts [114]. Moreover, when we fit the model on a pixel-by-pixel basis, we get 
4 values 
of each parameter in a tile. To summarise each tile by a single feature vector as required by a MIL 
dataset, we need to average each parameter value over 
4 values to represent an instance. 
Summarising the tile with an average value of each feature may reduce the effect of noise in a tile, 
but not the computational complexity. 
To reduce the computational complexity, we do not fit the enhancement models pixel-wise, 
but rather to the relative enhancement based on the mean of each n×n tile from DCE-MRI stack. 
Relative enhancement ensures that we get the starting point of enhancement curves at (0,0). The 
equation for relative enhancement for DCE-MRI stack is given below. 
 
a(&) = (&) − (1)(1)  
 
where 
a(&) = Relative enhancement for  the ith DCE − MRI stack, 
(&) =  mean of 
 × 
 tile intensity in the ith stack, and 
(1) = mean of 
 × 
 tile intensity in the pre-contrast stack. 
 
Averaging the pixel values in a tile also averages out the noise in the tile. We can also fit the 
model to the median, maximum, or some percentile of the pixel values in a tile. But, taking the 
average of a tile has the advantage that it reduces the effect of noise in a tile by averaging over all 
pixels. Please note that, fitting the model over 
4 points (not on pixel-by-pixel basis) is also a 
computationally efficient method. In this case, model would not fit exactly to the data points but to 
the average of the points, which overcomes the effect of noise in a tile. However, we believe that, 
model fitting to the mean of tile is the simplest way and is no worse than fitting to 
4 points. 
Example curves of both models, when fitted to the mean of a tile, are shown in Figure 4.2. 
The curves for benign and malignant tiles resemble to the corresponding trends in Figure 4.1. 
Therefore, we believe that these generic models can give domain specific temporal features. Thus, 
the use of selected generic models for the tile-wise (mean of tile) rather than the pixel-wise fitting is 
justified. 
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Figure 4.2: Example curves of model fitting to the mean of a tile. 
 
 
In Figure 4.2, we also provide parameter values we get, after fitting these models to a benign 
and a malignant tile. We observe that the parameters of a linear slope model are quite interpretable. 
For example, the product YU1 shows the height at the joint point. This product gives measure of 
degree of enhancement in the initial phase [114]. Initial slope "U1  u, has positive value which is 
indicative of an enhancing lesion. U1
 
for a malignant tile is greater than that of a benign tile. For a 
given time, greater value of U1
 
depicts a faster upslope, which is the characteristic of a malignant 
lesion. Similarly, U2
 
indicates the nature of the enhancement in the delayed phase. For example, 
positive and negative values of a delayed slope (U2
 
indicates the continued uptake and wash-out 
characteristics respectively. We know that, a washout (negative slope) or plateau (zero slope) slope 
is commonly observed in the malignant lesions, while positive slope characterises the benign 
lesions.
 
We can interpret the parameter values from Gal model as well. Gal model is a product of 
three factors. The first factor is 9. It is the scaling parameter. The second factor is :, which ensures 
zero value of the model when :  0. The third factor is  ]^
_
` , which determines the shape of the 
curve. Parameter < influences the slopes in initial and delayed phase by determining the width of 
Gaussian function, while parameter c influences the difference between two slopes [115]. Gal 
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model approximates a straight line when parameter / z 0. The peak of the curve (which represents 
the point of maximum intensity) lies where the derivative of model is zero [115]: 
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Example curves of both models when fitted to the median and maximum of a benign and 
malignant tile are shown in Figure 4.3. For a comparison purpose, model fitting to the mean of the 
tiles is also presented. We can observe that, model fitting to the maximum of a tile does not present 
reasonable characteristics of benign and malignant lesions. For example, curves fitted to the benign 
tile depict the characteristics of a malignant lesion (i.e., a fast upslope in the initial phase and a 
washout in the delayed phase). Similarly, enhancement curves fitted to the maximum of the 
malignant tile show slow wash-in characteristics as compared to when fitted to the mean or median 
of the tile. 
 
 
 
Figure 4.3: Example curves of model fitting to the mean, median, and maximum of a tile. 
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There is not much difference between curve fitting to the mean or median of the tiles. 
However, model fitting to the mean of the malignant tile is slightly better than that to the median of 
the tile. For example, we get a steep washout slope for malignant tile when fitted to the mean as 
compared to when fitted to the median. Also, we have already mentioned that fitting the model to 
the mean of tile has the advantage of reducing the effect of noise in a tile by averaging pixel values 
in a tile. 
While using the DCT as a feature extraction technique, we apply a 3D-DCT to each n×n×4 
cube of DCE-MRI and a 2D-DCT to each n×n tile of T2-w MRI. Since, a DCT concentrates the 
energy of the original data in only a few low frequency coefficients; we select 25 coefficients in a 
3D-zigzag traversal [116]. A 3D-zigzag traversal is an extension of 2D-zigzag traversal, where 
coefficients are scanned in increasing order based on similar sum of their indices &.  . ,  1  1 ; 
where x and y represents the spatial indices and z represents the third dimension (temporal here). By 
extracting coefficients in a zigzag manner, the correlation between the coefficients is minimized and 
we extract the coefficients in increasing order of frequency; the smaller the sum, the lower the 
frequency [117]. The location of 25 extracted 3D-DCT spatio-temporal coefficients (features) in a 
3D-zigzag traversal for a standard 8×8 tile size in the four time points is shown in Figure 4.4.  
For spatio-temporal features from DCE-MRI and T2-w MRI, we extract 25 features by 
combining the first 19 2D-DCT coefficients extracted in a zigzag transversal with the six temporal 
features extracted from DCE-MRI. Please note that here in feature set, the first 19 features are 2D-
DCT spatial features while the rest are temporal features. A 2D-zigzag traversal for a standard 8×8 
tile is shown in Figure 4.5. The distribution of extraxted 19 2D-DCT spatial features are also 
shown.  
 
 
 
 
Figure 4.4: 25 extracted 3D-DCT spatio-temporal features in a 3D zigzag traversal. 
 
 
 Pre-contrast image 
   1st post-contrast image 2nd post-contrast image  3rd post-contrast image 
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Figure 4.5: A 2D-zigzag traversal. 
 
 
D. Tile size selection 
In a tile-based approach, tile size represents a feature vector. Inappropriate tile size can give noisy 
feature vector which can compromise the classifier’s performance. Therefore, we perform an initial 
experiment to determine the suitable tile size. We evaluate the performance of RF for independent 
tile sizes of order 2n (where n = 2, 3, 4, 5, and 6), using 25 coefficients from 3D-DCT. For 
simplicity, we also use the selected tile size to compute 2D-DCT plus temporal features from T2-w 
and DCE-MRI. The performance of RF for square tile sizes is shown in Figure 4.6.  
From Figure 4.6 we can see that with a tile size of 4×4 pixels, RF performs best to classify 
benign and malignant tiles with a mean AUC of 0.949. However, this tile-size corresponds to 256 
independent (non-overlapping) instances in a bag of size 64×64 pixels. As mentioned in the section 
2.2, the computational complexity of CkNN is 3(4), where m is the average number of 
instances in a bag, N is the number of training examples (bags), and d is the number of dimensions. 
This means that for a fixed size of training set (N) and a fixed length of feature vector (d), CkNN 
has an order of 4 time complexity. This bag size of 256 instances is not only computationally 
expensive for the performance estimation of CkNN but also for model fitting. Therefore, for 
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computational efficiency, we use a tile size of 8×8 pixels for the performance estimation of the 
variants of kNN.  
 
 
                          
Figure 4.6: Mean AUC with RF for square tile sizes. 
 
 
With an 8×8 tile size, RF achieves a mean AUC of 0.923. Although, the performance of RF 
with an 8×8 tile size is not as good as that with a 4×4 tile size, but this tile size requires fewer 
computations for the performance estimation of CkNN. Also, choosing the 8×8 tile size involves 
model fitting to relatively less number of instances (64 instances) in a bag as compared to the tile 
size of 4×4 (256 instances). Moreover, since we fit the model to the mean of a tile, we believe that 
averaging over 8×8 pixels reduces more effect of noise in a tile as compared to averaging over 4×4 
pixels.  
 
E. Feature selection 
For fair comparison with the results of Chapter 3, we select 5 features only. In order to reduce the 
dimensionality from 25 features to just 5 features, we utilise a plus-l-take-away-r algorithm [118]. 
We do not select features using an exhaustive search. The reason is that, exhaustive search involves 
computation of combinatorial subsets of features. For example to select 5 features out of 25 
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features, an exhaustive search would evaluate 4Q!(4Q]Q)!×Q! ≈ 53 thousands of feature subsets. 
Moreover, plus-l-take-away-r algorithm has advantage over other feature selection methods, i.e., 
sequential forward selection (SFS) and sequential backward selection (SBS) algorithms. For 
example, SFS successively adds one feature at a time which in combination with the selected 
features maximises the criterion function. However, once the feature is selected, it cannot be 
discarded. Similar is the problem with SBS method in bringing back the feature into the optimal 
subset after deleting it. Plus-l-take-away-r method resolves this problem of feature subset nesting 
by adding l features using SFS and deleting r features using SBS [49].  
We know that kNN gives good classification performance when the size of training dataset 
is infinitely large. For example, nearest neighbours based learners give probability of error which is 
very close to (less than twice) the Bayes probability of error [119]; which is the lowest possible 
error rate for a given classification problem. Due to the limited data, we do not select features on the 
basis of learner’s (CkNN’s) performance. Rather, we select features in the both MIL and SIL-based 
distance functions. Specifically, we use minimum Hausdorff distance for the MIL-based feature 
selection and minimum Mahalanobis distance for the SIL-based feature selection. We select 
features on the training data and estimate the performance on independent test data via a 10-fold 
cross validation (CV) scheme [51]. In other words we treat the selected feature set as a parameter of 
kNN-based learners in each fold. The performance measure utilized is mean AUC [54]. Due to the 
limited amount of data, we optimize the parameters of learners used in the 3D-DCT by randomly 
selecting coefficients from the 2D-DCT on T2-w MRI. We believe that, this results in an unbiased 
estimate of parameter values because parameters are tuned solely on T2-w MRI which is entirely 
independent from T1-w DCE-MRI. However, this will bias the estimated performance of 2D-DCT 
plus temporal features based classification. The tuned parameters are presented in Table C 
(Appendix C). 
4.3. Results 
The selected five 3D-DCT spatio-temporal features are presented in Table 4.2. Table 4.3 and Figure 
4.7 show a comparison of the classification performance of CkNN, kNN using the selected 3D-DCT 
spatio-temporal features, and traditional ROI-based classification with RF using just DCE-MRI 
[92,111]. The corresponding mean ROC curves using 3D-DCT features are presented in Figure D.1 
(Appendix D). 
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Table 4.2: The five selected 3D-DCT features 
Validation Fold 
5 MIL-based Selected Features 
from Figure 4.4 
5 SIL-based Selected 
Features from Figure 4.4 
1st to 10th except 4th 1, 2, 3, 5, and 6 
2, 3, 4, 5, and 6 
4th 1, 2, 3, 6, and 7 
 
 
 
Table 4.3: Performance of the 3D-DCT tile-based features and traditional ROI-based features 
Technique Learner Mean AUC 
Tile-based MIL CkNN 0.816 ± 0.047 
Tile-based SIL kNN 0.838 ± 0.010 
ROI-based SIL [92,111] RF 0.824 ± 0.046 
 
 
                 
Figure 4.7: Performance of the 3D-DCT tile-based features and traditional ROI-based features. 
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Figure 4.8 presents the performance of CkNN and kNN with MIL-based feature selection in 
comparison to SIL- based feature selection using the 3D-DCT features. It can be seen that MIL-
based feature selection is important for MIL-based classification (with CkNN). Similarly, SIL-
based feature selection is important for SIL-based classification.  
 
 
 
 
Figure 4.8: Performance of the learners with MIL-based feature selection in comparison to SIL-based 
feature selection using the 3D-DCT features. 
 
 
The 2D-DCT plus temporal features selected in all validation folds are presented in Table 
4.4. Table 4.5 and Figure 4.9 compare the classification performance of CkNN, kNN using the 
selected 2D-DCT plus temporal features against the traditional ROI-based classification using both 
DCE-MRI and T2-w MRI with RF [92,111]. Figure D.2 (Appendix D) shows the corrosponding 
mean ROC curves using 2D-DCT plus temporal features. 
 
 
Table 4.4: The five selected 2D-DCT plus temporal features 
5 MIL-based Selected Features 5 SIL-based Selected Features 
1, 20, 23, 24, and 25 2, 3, 4, 5, and 6 
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Table 4.5: Performance of the 2D-DCT plus temporal features against traditional ROI-based features 
Technique Learner Mean AUC 
Tile-based MIL CkNN 0.778 ± 0.052 
Tile-based SIL kNN 0.702 ± 0.012 
ROI-based SIL [92,111] RF 0.838 ± 0.045 
 
 
 
Figure 4.9: Performance of the 2D-DCT plus temporal features against traditional ROI-based features. 
 
 
Figure 4.10 shows the classification performance of CkNN and kNN with MIL-based 
feature selection in comparison to SIL-based feature selection using the 2D-DCT and temporal 
features. Figure 4.10 shows that the MIL-based learner (CkNN) performs best with the MIL-based 
feature selection. However, here SIL-based classification (with kNN) also gives better performance 
with MIL-based feature selection as compared to SIL-based feature selection. 
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Figure 4.10: Performance of the learners with MIL-based feature selection in comparison to SIL-based 
feature selection using the 2D-DCT plus temporal features. 
 
4.4. Discussion 
Figure 4.6 presents the performance of the tile-based single instance RF for independent tile sizes 
using the 3D-DCT spatio-temporal features. This figure shows that RF yields the best performance 
with a tile size of 4×4. But, using a tile size of 4×4 gives computaionally expensive estimates of 
both model fitting and performance evaluation of CkNN. Therefore, for computational efficiency, 
we have used an 8×8 tile size. Here, we compare the results of Figure 4.6 (with the 8×8 tile-size 
alone) against the results presented in Table 4.3.  
The first comparison is between the tile-based RF and the tile-based kNN. A t-test confirms 
that, RF gives significantly better classification of benign and malignant tiles as compared to kNN. 
Here, both algorithms are evaluated with the same features. Thus, we can say that this difference of 
the results is due to the difference of algorithms. We know that RF is a robust classifier as 
compared to kNN [96], which is not affected by bias and variance dilema. Here, we do not compare 
the SIL-based RF with the MIL-based CkNN. Because, we already have analysed the reason for the 
poor performance of the tile-based kNN as compared to the tile-based RF. Based on the better 
performance of the tile-based RF in comparison to the tile-based kNN, we believe that if we had 
used a MIL-based RF, we could get better MIL-based classification.  
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The second comparison is between the tile-based RF and the ROI-based RF. The tile-based 
RF performs significantly better as compared to the ROI-based RF. In this case, the classifier is 
same. The only reason for the differenec of the results is the difference of features. Based on the 
significantly better performance of the tile-based spatio-temporal features as compared to the ROI-
based features, we believe that the tile-based spatio-temporal features have strong potential to 
classify benign and maliganat lesions.  
In Table 4.3 and Table 4.5, we have presented the classification of benign and malignant 
lesions using the generic tile-based spatio-temporal features and the ROI-based features. A t-test 
indicates that the performance of CkNN is equivalent to the performance of kNN. Also, the generic 
tile-based classification using CkNN is equivalent to the traditional ROI-based classification. Thus, 
the tile-based classification using MIL is a viable option for the classification of benign and 
malignant breast lesions with the additional advantages mentioned in Chapter 3. This indicates that 
the generic tile-based features allow us to use MIL as a ‘pure’ machine learning method to solve the 
breast MRI classification problem with the equivalent performance to the traditional ROI-based 
classification.  
Based on these results, we can say that MIL is a suitable choice for CAD systems. However, 
a ‘pure’ machine learning approach has a disadvantage that it produces an unintelligible ‘black-box’ 
model to the clinicians. That is, the learning process and generic features are not easily interpretable 
by the clinicians. However, while traditional ROI-based features may be interpretable by clinicians 
(as they relate to the physiological properties of the lesion), the learning process (i.e., RF) still 
results in a black-box model.  
Figure 4.11 shows a comparison of the spatio-temporal features from Table 4.3 and Table 
4.5 against the spatial features from Chapter 3. The perfromance of spatio-temporal features in 
comparison to spatial features is also summarised using mean ROC curves in Figure 4.12. Figure 
4.11 and Figure 4.12 confirm that classification performance is improved with the tile-based spatio-
temporal features compared to the spatial features alone. Moreover, mean ROC curves in Figure 
4.12 indicate that we obtain a specificity of 0.37, 0.42, and 0.52 at the clinically useful sensitivity of 
0.9, with CkNN using spatial (chapter 3), 2D-DCT plus temporal and 3D-DCT spatio-temporal 
features respectively. Improved specificity further confirms the better classification performance of 
spatio-temporal features compared to the spatial features alone. These ROC curves also suggest that 
CkNN can be used to differentiate benign and malignant lesions with a specificity of 0.45, 0.53, and 
0.6 at clinically applicable sensitivty of 0.82, using spatial, 2D-DCT plus temporal and 3D-DCT 
spatio-temporal features respectively. 
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Figure 4.11: Performance of the spatio-temporal features in comparison to the spatial features (Chapter 3). 
 
 
 
 
Figure 4.12: Mean ROC curves using spatio-temporal features in comparison to spatial features. 
 
 
Next, we analyse the classification performance of the learners from Table 4.3 in 
comparison to Table 4.5. A t-test indicates that the performance of CkNN with the 3D-DCT spatio-
temporal features is equivalent to that with the 2D-DCT plus temporal features. However, kNN 
performs significantly better with the 3D-DCT features as compared to the 2D-DCT plus temporal 
features. We know that, Table 4.3 presents an unbised estimate of the performance using the 3D-
DCT features, while the performance of CkNN and kNN is biased in Table 4.5 due to parameter 
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
outliers accepted (FPr)
ta
rg
et
s 
ac
ce
pt
ed
 
(TP
r)
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
outliers accepted (FPr)
ta
rg
et
s 
ac
ce
pt
ed
 
(TP
r)
       CkNN 
        kNN 
 
 
 Spatial 
 
 2D-DCT + temporal 
 
 3D-DCT 
       CkNN 
        kNN 
 
       CkNN 
        kNN 
 
Discussion  65 
 
 
 
 
optimization on the same dataset. Therefore, the 3D-DCT spatio-temporal features would appear 
better than the 2D-DCT plus temporal features. Moreover with the 2D-DCT plus temporal features, 
we extract temporal information using parametric enhancement models. Although these models are 
generic, they are domain specific to some extent. Thus we can say thatthe 3D-DCT spatio-temporal 
features are more ‘pure’ (generic) than the 2D-DCT plus temporal features.  
Average ROC curves using the 3D-DCT spatio-temporal features from DCE-MRI are 
shown in Figure D.1 (Appendix D). We can see that at clinically useful sensitivity of 0.9, the 
specificity using the tile-based 3D-DCT spatio-temporal features is 0.6, 0.52 with kNN and CkNN 
respectively, while we get a specificity of 0.55 using ROI-based state-of-the-art features with RF. 
There is not much difference between the performance of tile-based and ROI-based features. 
Rather, we get even better specificity using the tile-based spatio-temporal features with kNN at a 
sensitivity of 0.9. This encourages the use of generic tile-based spatio-temporal features for the 
classification of benign and malignant lesions in breast MRI. 
From Figure 4.8 and Figure 4.10, we can see that CkNN performs better with MIL-based 
feature selection as compared to SIL-based feature selection. This demonstrates the importance of a 
MIL-based criterion for dimensionality reduction in MIL-based classification. Similarly, a SIL-
based criterion is important for SIL-based classification. 
After doing feature selection, we assess the relative importance of low and high frequency 
coefficients selected from the DCT. We first arrange DCT coefficients into frequency groups based 
on the similar sum of their indices in the same way as is done in [117]. That is, coefficients which 
share similar sum of indices are gathered into a single frequency group. In this way we get five 
groups for 25 3D-DCT coefficients and six frequency groups for 19 2D-DCT coefficients. Next, we 
divide DCT frequency groups equally into low and high frequency. We also evaluate the relative 
importance of horizontal, vertical and diagonal coefficients by counting the number of occurrence 
of each selected coefficient w.r.t its position.  
In MIL-based feature selection, all selected features belong to low frequency group. 
Moreover, we get equivalent counts of horizontal, vertical and diagonal coefficients. A similar trend 
was identified for the SIL-based feature selection. This demonstrates an approximately equal 
importance of horizontal, vertical and diagonal low frequency DCT features for the classification of 
mass-like lesions. This statement is in accordance with the Chapter 3 where we have analysed the 
relative importance of horizontal and vertical generic tile-based spatial features for the mass-like 
lesions. For the 2D-DCT plus temporal features, the MIL-based feature selection returns only the 
DC coefficient from the 2D-DCT and four temporal model features while, with SIL-based feature 
selection, we get all low frequency DCT features and no model features. The high occurrence of 
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model features in MIL-based feature selection confirms the importance of temporal information 
from DCE-MRI for the classification of benign and malignant lesions. 
4.5. Conclusion 
In this chapter we have evaluated the efficacy of MIL as a ‘pure’ machine learning technique for the 
discrimination of benign and malignant lesions in breast MRI. Experimental results indicate that 
performance of CkNN using the tile-based spatio-temporal features is statistically equivalent to the 
ROI-based classification. However, the tile-based approach does not require any domain specific 
features and is robust to inaccuracies in the segmentation of suspicious lesions. Therefore, CkNN 
may be a suitable choice for the classification of benign and malignant lesions. Also, spatio-
temporal features have improved discrimination compared to spatial features alone. Moreover, 3D-
DCT spatio-temporal features are better than 2D-DCT plus temporal features. Further, we highlight 
that MIL-based feature selection is important for MIL-based classification. 
 
    
 
Chapter 5 
Summary and conclusions 
 
In the previous chapters (Chapters 3 and 4), we have investigated the potential of multiple instance 
learning in the classification of benign and malignant lesions in breast cancer MRI. In this chapter, 
we provide a short summary of the chapters in section 5.1. Next, we highlight the key contributions 
and outline the limitations of this research in sections 5.2 and 5.3 respectively. Based on the key 
contributions of this research, we propose the future work in section 5.4. 
5.1 Summary of Chapters 
In the 1st Chapter, we have outlined the motivation for investigating the efficacy of multiple 
instance learning in breast cancer MRI CAD systems. Particularly, we have highlighted the issues 
of inter-observer variations or uncertainties in (semi)-automated lesion segmentation linked to the 
conventional CAD systems. Later, we have introduced MIL as a key to address these issues. The 
aims of the research are stated below. 
 
1. To study the performance of multiple instance learning using synthetic datasets. 
2. To investigate the performance of multiple instance learning in the identification and 
classification of breast MRI using generic spatial features from T2-w MRI and to compare the 
classification performance with the conventional approach (ROI-based single instance learning). 
3. To evaluate the efficacy of multiple instance learning for the classification of breast MRI using 
generic spatio-temporal features (from DCE-MRI and T2-w MRI) and to develop multiple 
instance learning-based feature selection algorithm. 
 
In Chapter 2, we have provided the necessary background on the MIL-based pattern 
recognition. Specifically, we have talked about MIL in general, followed by MIL and SIL-based 
learners. We have presented the justification for the experimental methodology, we use in the 
subsequent chapters. In addition, we have provided the motivation for the aims of this research. 
Finally, we have presented the breast MRI data, which are used in the experiments in the 3rd and 4th 
Chapters.  
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In the 3rd Chapter, we have first provided the experiment to understand the working of MIL 
using synthetic datasets. This experiment addresses the first aim of the research. The results of this 
experiment give us insight to utilise MIL as a classification tool for the diagnosis of breast cancer. 
Later in Chapter 3, and Chapter4, we have addressed the main aim of this thesis, “to evaluate the 
efficacy of MIL in the diagnosis of breast cancer in MRI”.  
We have estimated the performance of MIL for the detection and classification of benign 
and malignant lesions using spatial features in Chapter 3. Particularly, we have used T2-w MRI. 
We have utilised both (generic) tile-based features and (domain specific) ROI-based features. We 
have performed experiments on two datasets consisting of mass-like lesions and both mass-like and 
non-mass-like lesions. Results show that there is not significant difference between the 
classification potential of the tile-based and the ROI-based features. 
In Chapter 4, we have presented the performance of MIL for the diagnosis of breast MRI 
using generic tile-based spatio-temporal features. Specifically, we have used both T1-w DCE-MRI 
and T2-w MRI. We have utilised a discrete cosine transform and enhancement models as feature 
extraction techniques. We have compared the performance of MIL against a traditional approach 
based on bespoke features extracted from a segmented ROI. We also have developed a MIL-based 
feature selection technique and presented the performance of the learners with MIL-based feature 
selection in comparison to SIL-based feature selection. We have demonstrated the importance of 
spatio-temporal features for the classification of benign and malignant lesions. Results demonstrate 
the equivalent performance of the tile-based generic spatio-temporal features and the ROI-based 
domain specific features. 
5.2 Key Contributions and Findings 
In this work, we have used MIL as a generic machine learning approach to diagnose breast cancer 
in MRI. We have estimated the performance of MIL as a both CAD detection and diagnosis tool. 
Specifically, we have introduced tile-based MIL as a ‘pure’ machine learning approach to address 
the problem of variations, associated with the segmentation of ROIs, in conventional CAD system.  
To address the first aim of this thesis, we have analysed the performance of CkNN over a 
range of parameter values (k and c) using both Hausdorff distance and minimum Euclidean 
distance. Specifically, we have used I-Ʌ and I-4I synthetic datasets in ten bag compositions. 
Empirical results show that the performance of CkNN has different trends with two distance 
functions on each dataset. Overall, CkNN performs better with Hausdorff distance as compared to 
Minimum distance on both datasets. For I-Ʌ dataset, the performance of CkNN increases with 
Bibliography  69 
 
 
 
 
increasing the percent positives when utilised with Hausdorff distance. On the other hand, there is 
not clear trend with Minimum distance. Overall, for high percent positives, CkNN gives better 
performance with Hausdorff distance particularly with small k or c combination values. For I-4I 
dataset, CkNN shows unstable performance for different bag compositions with both distance 
functions.  
We have utilised segmentation-free classification approach to address the second and the 
third aim of this work. We have provided an empirical evidence to suggest that segmentation-free 
identification and classification of breast MRI dataset using generic tile-based MIL is a viable 
option.  
We have proposed generic tile-based spatial features using T2-w MRI for the 
characterisation of breast lesions. We also have experimentally proved the importance of generic 
tile-based features for the classification of breast cancer MRI (medical imaging). To classify both 
mass-like and non-mass-like lesions as benign or malignant, we have achieved an AUC of 0.7 ± 
0.046 using generic tile-based features, while we have acquired an AUC of 0.651 ± 0.048 using 
ROI-based bespoke features. Moreover, we have provided an empirical evidence to suggest that the 
tile-size is an important parameter in the tile-based learning. 
As part of the third aim of this research, we have explored the importance of 3D-DCT based 
spatio-temporal features in the diagnosis of breast cancer. We have provided an empirical evidence 
to suggest that spatio-temporal features have improved discrimination as compared to spatial 
features alone. We also have empirically shown the better discrimination of 3D-DCT spatio-
temporal features as compared to 2D-DCT plus temporal features. Moreover, we have developed a 
new MIL-based feature selection technique in a MIL-based distance function. In addition, we have 
provided an experimental evidence to demonstrate the importance of MIL-based feature selection 
criterion for MIL-based classification. Further, we have proposed a model where we treat features 
as parameters of model after doing feature selection in every fold of cross validation. 
5.3 Limitations 
We must acknowledge the limitations of this work. In this thesis, we have analyzed the efficacy of 
tile-based MIL for only breast MRI data using CkNN alone. We have mentioned in Chapter 4 that 
nearest neighbour based learners give good classification performance if the size of dataset is very 
large. The small size of data is a major limitation of this work. Due to the limited amount of data, 
we could not split the data independently for parameter tuning, feature selection, and performance 
estimation. Please note that CkNN has shown good performance (identical to the tile-based or ROI-
Limitations 
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based SIL) with parameter tuning on the synthetic datasets in Chapter 3 and on other dataset in 
Chapter 4 (we have optimised the parameters used in 3D-DCT by randomly selecting coefficients 
from 2D-DCT on T2-w MRI). However, CkNN could give even better performance if parameters 
were tuned on the subset of the same dataset. 
5.4 Future Work 
Tile-based spatio-temporal features have been found promising in the diagnosis of breast cancer in 
MRI (Chapter 4). Future research should consider investigation of multiple instance learning as a 
screening tool using spatio-temporal features. Moreover, the generic tile-based spatio-temporal 
features give an AUC of 0.95 with a 4×4 tile size and 0.92 with an 8×8 tile size with the tile-based 
SIL using RF for the classification of benign and malignant tiles (subsection D of section 4.2). This 
performance is significantly better than the tile-based SIL using kNN. Based on the significantly 
better performance of the tile-based RF as compared to the tile-based kNN, future research should 
focus on investigating a tile-based MIL using RF for the classification of medical imaging and 
compare its performance with the conventional CAD (ROI-based SIL using RF). 
Moreover, we know that a tile-based MIL gives labels to the bag, while a tile-based SIL 
provides labels to individual tiles. Label of tiles can be used to get the rough segmentation of the 
detected lesions. Future research should consider tile-based spatio-temporal features using SIL-
based RF to get the rough segmentation of ROIs; which can be used in ROI-based MIL. 
Jianrui Ding et al. [36] have demonstrated the improved classification of benign and 
malignant lesions in breast ultrasound images using ROI-based MIL. Their proposed methodology 
extracts local textural features of the sub-regions in roughly segmented ROIs to characterize the 
lesions. Investigation of ROI-based MIL for the diagnosis of breast cancer in MRI and its 
comparison with the conventional approach (ROI-based SIL) could be a potential avenue for further 
research especially when data is semi-labelled, i.e., when we get labels only for histopathology 
verified suspiciously enhancing ROIs out of many ROIs detected in the screening process.  
In summary, a tile-based approach does not require any domain specific features and is 
robust to inaccuracies in the segmentation of suspicious lesions. Thus, MIL using generic tile-based 
features permits the fully automatic detection and segmentation-free classification of suspecious 
lesions. 
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Appendix A: Analysis of synthetic datasets 
using multiple instance learning 
 
To study the working of multiple instance learning on synthetic datasets in section 3.1, we search 
the parameter space for 72 combinations of ‘k reference neighbours’ and ‘c citer’s rank’. Table A 
shows the [k, c] values utilised in the experiment.  
 
 
Table A: 72 combination values of ‘k, c’ (column wise) 
1, 0 3, 0 7, 0 15, 0 31, 0 63, 0 127, 0 255, 0 
1, 1 3, 1 7, 1 15, 1 31, 1 63, 1 127, 1 255, 1 
1, 4 3, 4 7, 4 15, 4 31, 4 63, 4 127, 4 255, 4 
1, 8 3, 8 7, 8 15, 8 31, 8 63, 8 127, 8 255, 8 
1, 16 3, 16 7, 16 15, 16 31, 16 63, 16 127, 16 255, 16 
1, 32 3, 32 7, 32 15, 32 31, 32 63, 32 127, 32 255, 32 
1, 64 3, 64 7, 64 15, 64 31, 64 63, 64 127, 64 255, 64 
1, 128 3, 128 7, 128 15, 128 31, 128 63, 128 127, 128 255, 128 
1, 256 3, 256 7, 256 15, 256 31, 256 63, 256 127, 256 255, 256 
 
 
Figure A.1 and Figure A.2 illustrate the performance of CkNN using dataset 1, over 72 
values of [k, c] (as mentioned in Table A) with Hausdorff distance and Minimum distance 
respectively. Colour bar maps the performance of CkNN in mean AUC. We can see that the 
performance of CkNN has an increasing trend with increasing percent positives (PP) using 
Hausdorff distance (Figure A.1), while there is no clear trend with Minimum distance (Figure A.2). 
Overall, CkNN gives good performance with Hausdorff distance for CC >  60%. Figure A.2 
suggests the robust performance of CkNN using Minimum distance (irrespective of the bag 
composition) over a range of [k, c] values.  
Figure A.3 and Figure A.4 respectively present the performance of CkNN over 72 values of 
[k, c] (as mentioned in Table A), with Hausdorff distance and Minimum distance using dataset 2. 
Colour bar maps the performance of CkNN in mean AUC. It can be seen that, performance is not 
improved with increasing PP, rather remains unstable using either distance function. Overall, CkNN 
performs better with Hausdorff distance as compared to Minimum distance.  
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Figure A.1: Performance of CkNN with Hausdorff dist. using dataset 1. 
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Figure A.2: Performance of CkNN with Minimum dist. using dataset 1. 
 
 
 
 
0
10
20
30
40
50
60
70
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1
0
0.2
0.4
0.6
0.8
1
 
Bag Composition (percent positives) 
0.4
0.5
0.6
0.7
0.8
0.9
1
0 10 20 30 40 50 60 70
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1  
 
0.4
0.5
0.6
0.7
0.8
0.9
1
M
ea
n
 
A
U
C
 
 
 
 
 
 
 
 
Ba
g 
C
o
m
po
sit
io
n
 
72 [k, c] values, mentioned in Table A. 
86  Appendix A 
 
 
   
 
 
 
 
 
 
 
 
 
 
 
Figure A.3: Performance of CkNN with Hausdorff dist. using dataset 2. 
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Figure A.4: Performance of CkNN with Minimum dist. using dataset 2. 
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Mean performance of CkNN over 10 different bag compositions is summarized using box 
plots in Figure A.5 and Figure A.6 for dataset 1 and dataset 2 respectively. These plots illustrate the 
performance of CkNN with Hausdorff distance in comparison to Minimum distance on each 
dataset. On each box, the central mark is the median of the performance, while the edges are 25th 
and 75th percentiles. Outliers are plotted individually, beyond the extent of whiskers. Figure A.5 
suggests over all better performance of CkNN (using dataset 1) with Hausdorff distance as 
compared to Minimum distance particularly for small k and c combination values. For dataset 2, 
CkNN performs better with Hausdorff distance as compared to Minimum distance as shown in 
Figure A.6. 
 
 
 
 
 
Figure A.5: Performance of CkNN with Hausdorff dist. in comparison to Minimum dist. using dataset 1. 
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Figure A.6: Performance of CkNN with Hausdorff dist. in comparison to Minimum dist. using dataset 2. 
           72 [k,c] values from Table A 
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Appendix B: ROC curves from Chapter 3 
 
Average ROC curves from CADx and CADe studies (section 3.4) are presented below. The 
corresponding AUCs are also provided. The circles indicate the specificity and sensitivity at the 
current (default) threshold. These curves illustrate either better or identical performance of CkNN to 
the tile-based and ROI-based SIL for the classification of benign and malignant lesions. 
 
 
 
           
 
 
 
 
Figure B.1: Average ROC curves from CADx study using dataset A. 
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Figure B.2: Average ROC curves from CADx study using dataset B. 
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Figure B.3: Average ROC curves from CADe study.
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Appendix C: Tuned parameter values 
 
In subsection E of section 4.2, due to limited amount of data we optimise the parameters of the 
learners used in the 3D-DCT by randomly selecting coefficients from the 2D-DCT on T2-w MRI. 
The tuned parameter values for CkNN and kNN in each fold are illustrated in Table C. 
 
 
Table C: Tuned parameter values of the learners for the 3D-DCT spatio-temporal features 
Validation Fold Tuned parameters of CkNN [k, c, dist. function] 
Tuned parameters of kNN 
(k values) 
1 [1, 1, Hausdorff] 1 
2 [1, 7, Hausdorff] 17 
3 [1, 0, Hausdorff] 18 
4 [7, 2, Hausdorff] 1 
5 [1, 5, Minimum] 10 
6 [1, 4, Hausdorff] 11 
7 [2, 2, Hausdorff] 16 
8 [2, 0, Hausdorff] 18 
9 [2, 0, Hausdorff] 12 
10 [9, 5, Hausdorff] 18 
 
 
 
 
 
 
    
Appendix D: ROC curves from Chapter 4 
Average ROC curves using 3D-DCT, and 2D-DCT plus temporal features are presented below. The 
corresponding AUCs are also provided. The circles indicate the specificity and sensitivity at the 
current (default) threshold. These curves demonstrate almost identical performance of CkNN to the 
tile-based and ROI-based SIL for the classification of benign and malignant lesions. Moreover, 
comparison of mean ROC curves using 3D-DCT features (Figure D.1) against those of 2D-DCT 
plus temporal features (Figure D.2) suggests better performance of learners using 3D-DCT features. 
 
 
 
          
 
          
 
Figure D.1: Average ROC curves using the 3D-DCT features. 
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Figure D.2: Average ROC curves using 2D-DCT plus temporal features. 
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